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Abstract 
 
This study uses Molecular Operating Environment (MOE) to generate models to 
calculate the char yield of polybenzoxazines. A series of benzoxazine monomers were 
constructed to which a variety of parameters relating to the structure (e.g. water 
accessible surface, negative van der Waals surface area and hydrophobic volume, etc.) 
were obtained and a quantitative structure property relationships (QSPR) model was 
generated. The model was used to generate data for a new benzoxazine monomer and a 
comparison was made of predictions based on the QSPR models with the experimental 
data. This study shows the quality of predictive models and confirms how useful 
computational screening is prior to synthesis. 
In order to do that, the QSPR models were tested over a series of internal and external 
validation tests to explore their internal and external predictivity, prior to experimental 
validations which were performed later and reported in Chapter 7. The internal and 
external validations found out that the discrepancy in the general model (GM) which was 
initially thought to be a drawback to the model’s performance was actually not, as it does 
not compromise the model’s prediction accuracy, both internally and externally. The 
validation process also found that one of the structure-specific models, Ph-M (aniline-
based benzoxazines) is externally predictive whilst another structure-specific model, the 
Ace-M (acetylenic-based polybenzoxazines) is not internally and externally predictive 
due to the too small training set that affects its predictivity performance. 
An acetylenic-based polybenzoxazine, poly(BA-apa) and a benzylamine-based 
polybenzoxazine, poly(BO-ba) have been successfully synthesised in this work. Both 
materials have been characterised using Fourier Transform – Infra Red Spectroscopy 
(FT-IR), Nuclear Magnetic Resonance (NMR) spectroscopy (both 1H and 13C) and 
Liquid Chromatography-Mass Spectrometry (LC-MS) to confirm their structures. These 
materials were analysed using Differential Scanning Calorimetry (DSC) to study their 
polymerisation behaviour and were later cured and taken further to Thermogravimetric 
Analysis (TGA) in order to investigate their thermal properties and the amount of char 
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yield formed upon heating at 800 oC under an inert (nitrogen) atmosphere – which then 
will be used for experimental validation of the QSPR models.  
The study of DSC thermograms showed that both polymers exhibit a distinct 
polymerisation behaviour e.g. BA-apa went through two polymerisation reactions 
simultaneously (the oxazine ring opening polymerisation and the acetylene addition 
reaction) whilst BO-ba only polymerised via the ring opening reaction from the oxazine 
rings. It was also found that BA-apa has a lower polymerisation activation energy, 
consistent to its lower polymerisation temperature in comparison to the BO-ba.  
TGA analysis revealed that poly(BO-ba) formed an average of 44.35 % char yield and 
poly(BA-apa)  on the other hand formed approximately 10 % higher char which is 56.28 
%. The analysis also discovered that poly(BA-apa) synthesised in this work formed 15 
% less char yield than previously reported in the literature (56.28 % vs. 71 %1) due to the 
shorter curing schedule. The final QSPR validation which is the experimental validation 
found that the char yield of poly(BO-ba) was predicted very well within 5-7 % error by 
both GM model and Ph-M. Ace-M which was reported earlier as not internally and 
externally predictive, has made a nearly accurate prediction towards the char yield of 
poly(BA-apa), close to the literature value of 71 %. The GM model has also made a close 
prediction to the Ace-M model, but these predictions deviated 15-17 % from the 
experimental poly(BA-apa) char yield measured in this work. 
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Introduction 
 
1.1 Thesis Motivation, Objective and Aims 
The Quantitative Structure-Activity Relationship (QSAR) method has been known and 
proven to be one of the successful screening tools in designing drug molecules. Following 
the accomplishment of QSAR in visualising different biological activities, properties and 
toxicity of drugs, an initiative has been taken to apply the principle to the study of char 
yield of polybenzoxazines. Polybenzoxazines are a relatively new addition to the family 
of thermosets with attractive properties and huge potential in flame resistance application 
due to their high char yield and good weather resistance (low moisture uptake). While 
the big challenge in the study of drug design are the complexity and the uncertainties 
subjected to the wide numbers of physical, chemical and biological factors that may 
interfere with the pharmacokinetics and pharmacodynamics of the drug, modelling a char 
yield prediction tool for a polymer group on the other hand has similar uncertainties due 
to the many possibilities of crosslinked structures, degree of crosslinking, bond strengths, 
leading to different degradation mechanism routes and finally the char formation. This 
approach is very interesting as it allows predictions made based on the monomer unit 
without having to build the complex polymer structure, but also a great challenge as a 
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crosslinked network is known to be ambiguous and does not always preserves the 
monomer structure.  
The objective of this work is to develop a Quantitative Structure-Property Relationship 
(QSPR) prediction model with a great ability to make prediction on the char yield of new 
polybenzoxazines. The model will be built based on a secondary dataset, consisting of 
thirty-three polybenzoxazines of which their experimental char yield were collected from 
the literature (this dataset is termed as the training set throughout this work). These 
polymers were synthesised, cured and their char yields were measured experimentally by 
different research groups. Absolute care will be applied during model development for 
the model to have a controlled number of descriptors (parameters) to avoid overfitting. 
The training set contains a mixture of benzoxazine monomers with and without 
polymerisable amine groups. Generally, benzoxazines with polymerisable amine groups 
are proven to go through additional crosslinking during the curing process which 
contributes to better thermal stability and produces higher char yield compared to their 
analogous benzoxazines. The additional crosslinking introduces heterogeneity within the 
training set and the effect of the heterogeneity towards the prediction accuracy is studied 
by splitting the main training set into two different sets based on the properties of their 
amines, generating a separate model for each sub-dataset and comparing their predictive 
abilities between the two models and also to the main training set model. 
It is often misunderstood that the R2 of a training set plays a big role in determining the 
quality and potential of a model, when the parameter only represents the correlation 
between the prediction and the experimental data of the training set with no indication of 
the model’s predictivity towards new compounds. This study aims to explore the other 
possible validation options for a QSPR model, other than the commonly used training set 
R2 and the Leave-One-Out-Cross-Validation (LOOCV) method. A number of statistical 
internal and external validation tests will be applied to the three models (two models from 
the sub-datasets and one model from the main training set) in order to determine their 
prediction potential.  
The next aim of this work is to compare the prediction accuracy of the generated models 
to the well-established Van Krevelen prediction methods which predicts the char yield 
of a polymer based on the group contribution principle. The prediction performance of 
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both methods will be tested over a series of new polybenzoxazines compounds and will 
be measured by the closeness of predictions to their experimental data.  
In order to evaluate the model further, a few benzoxazines will be synthesised, 
characterised, cured and their thermal properties will be measured including the char 
yield of the polymers. The measured char yield will then be cross-checked to the model’s 
predicted char yields to examine the predictive ability of the model.  
1.2 Thesis Outline 
This thesis contains six main chapters with each of them related to achieving the objective 
of this research.  
Chapter 2 reviews the fundamental idea of QSPR and explores the different options in 
validating and evaluating a QSPR model. It also contains the background knowledge on 
benzoxazines synthesis and the mechanism of the ring opening polymerisation forming 
the crosslinked network of polybenzoxazines. Reviews on the different possible routes 
of polybenzoxazines degradation mechanisms are also included with a brief explanation 
on char formation. Besides that, this chapter also emphasises the advantages of the 
reactive amine group to thermal stability of a polybenzoxazine as well as the attractive 
properties of the polybenzoxazines that draws researchers’ attention towards this 
polymer group. 
Chapter 3 presents a description of the computational methods used during model 
development as well as experimental methods used in monomers synthesis and the 
different techniques used for monomer characterisation (FTIR, NMR, elemental analysis, 
LC-MS and flash chromatography (where possible)). Also included are explanations on 
DSC and TGA techniques which were used in examining the thermal properties of the 
synthesised monomers.  
Chapter 4 addresses a detailed study comparing the errors in a secondary dataset and the 
improvement it makes when keeping some parameters constant. This chapter also 
explains the step by step process in developing a QSPR model using the thirty-three data 
set (the training set) and the small changes made along the process from the preliminary 
QSPR Model 1 to the final QSPR Model 4 before it was eventually deemed ready for 
internal and external statistical evaluations.  
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Chapter 5 investigates the effect of heterogeneity within a dataset on the prediction 
accuracy of a model. This chapter presents two newly-built models based on the sub-
dataset (referred as Ace-M and Ph-M models) and their internal and external validation 
tests are compared to the QSPR model built in Chapter 4 (which is referred to as the GM 
model) to determine if the heterogeneity in the GM model will cause it to be less 
predictive than the other two models. The prediction accuracy of the Ace-M, Ph-M and 
GM models are also compared to the Van Krevelen group contribution prediction 
method.   
Chapter 6 describes the characterisation measures performed on three synthesised 
monomers; BA-apa, BO-ba and 22BZ-apa. BA-apa and BO-ba  which were fully 
characterised using FTIR, NMR, LC-MS and elemental analysis (the elemental analysis 
results are presented in Chapter 3) while 22BZ-apa was only characterised using FTIR 
and NMR as it was impossible to perform further characterisation due to the unsuccessful 
monomer separation via flash chromatography.  
The final results presented in Chapter 7 examine the polymerisation patterns of BA-apa 
and BO-ba via DSC technique and utilises TGA analysis to explore the effect of different 
degradation atmospheres towards thermal stability of both polybenzoxazines. This 
chapter will also perform the final experimental evaluation on QSPR models in which 
the char yield obtained experimentally via TGA analysis will be compared to the 
prediction generated by the QSPR models.  
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2.1 Introduction to Quantitative Structure-Property Relationships (QSPR) 
The Quantitative Structure-Property Relationships (QSPR) technique is an analogue of 
Quantitative Structure-Activity Relationships (QSAR), which was first discovered by 
Crum-Brown and Fraser2 and has been widely used in the pharmaceutical industries 
decades later3.Recently, this approach is starting to get attention and has been applied to 
other fields such as in the cosmetic industries i.e. a research on skin permeability4,5, food 
chemistry6,7 and biofuel industry8. For decades, chemists have been trying to build 
molecules with specific properties for all different applications. The continuous trial and 
error compound synthesis have proven to be costly and time-consuming. The 
implementation of the QSPR approach however will not phase out the trial and error, but 
at the very least, it helps to decrease the number of compounds synthesised, by making 
it possible to select the most promising compounds3. By all means, once the relationship 
between the structure and properties has been established, one should be expected to be 
able to screen all possible compounds on the computer, including those not yet 
synthesised, leaving only those structures with the desired properties. Although this 
approach is practical in reducing the number of compounds to be synthesised and 
prevents synthesising compounds with the same properties, which has been proven to be 
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useful in the pharmaceutical research3, the knowledge of QSPR applications in polymers 
are still new and very limited.  
This approach relies on the present experimental data and builds quantitative correlations 
using statistical approaches. The correlation between the structure and properties is 
described by structural descriptors which often referred to as any terms or parameter 
carrying structural information. There are hundreds of descriptors of various categories 
available, including electrostatic descriptors which contain information on partial charge 
distribution or the electronegativity of the atoms, constitutional descriptors which relate 
to the molecular composition of the compounds, geometrical descriptors which refer to 
the 3D characteristics of the molecular structure and some other descriptor categories3.  
2.1.1 Correlation Techniques 
A mathematical model of QSPR links the descriptors to the property of interest via 
multivariate statistical techniques such as multiple linear regression analysis (MLR), 
partial least squares regression (PLSR) and artificial neural networks (ANN). There are 
also non-statistical techniques available however they are out of the context of this study 
and will not be discussed here. PLSR is very similar to the MLR and it is in fact, a 
modified method based on the traditional MLR. Both techniques relate a selection set of 
descriptors, X to the property of interest, Y in a similar manner. PLSR offers better 
opportunities in handling numerous3 and strongly correlated descriptors9, which is 
lacking in MLR. This allows researchers to explore more complex problems than before. 
In MLR and PLSR, the correlation between X and Y was calculated using a series of 
formulas and algorithms (usually hidden in the software) before successfully outputting 
a linear correlation equation of Y = m1X1 + m2X2 + m3X3….. mnXn (with Y as the predicted 
property, X1, X2,…Xn are the descriptor terms and m1, m2,…mn are the regression 
coefficient of each variable (descriptors)) and the correlation coefficient, R2.  ANN on 
the other hand, relates the descriptors to the property of interest using interconnected 
network of nodes called artificial neurons to form complex system neurons, mimicking 
the biological neurons as in the human brain10. The way in which these nodes are placed 
and are connected lead to different kinds of ANN models. The extensive network of 
artificial neurons simulates the real human brain in learning, pattern recognition and 
predicting outcomes using the available data, information and knowledge11.   
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2.1.2 OECD Principles 
The quality of a QSPR model is evaluated based on its predictivity performance; the 
accuracy of the model in predicting new compounds that are not in the training set. The 
Organization for Economic Co-operation and Development (OECD) has outlined five 
principles that a QSPR model should be associated with: (1) a defined endpoint (2) an 
unambiguous algorithm (3) a defined domain of applicability (4) an appropriate measure 
of goodness of fit (5) a mechanistic interpretation, if possible12.  
2.1.2.1 A defined endpoint 
According to OECD, the ‘endpoint’ is referred to as any property that is measured and 
modelled by a given model.  This can be pharmacokinetic, biological activities, glass 
transition temperature of a polymer group, etc. The endpoint data determined from 
experimental works differs depending on experiment protocol and experimental 
conditions. It is therefore very important to define the experimental parameters used in 
the endpoint data collection to ensure transparency in the model prediction. Ideally, 
homogeneous datasets should be used in a QSPR development, generated by a single 
protocol, but since this is very difficult to achieve, combinations of data collected from 
different protocols are often used12. 
2.1.2.2 An unambiguous algorithm 
All QSAR/QSPR models are based on algorithms. Based on this principle, for a model 
to be accepted in practise, it needs to be clearly defined, easy to understand and the 
prediction of the endpoint can be reproduced by anyone13. This means that not only the 
mathematical calculation needs to be clear, but the selection of descriptors chosen for the 
modelling and in the mathematical equation also need to be understandable and can be 
interpreted into useful information. However in a commercially-developed models, this 
information is usually kept enclosed and not available to the public.  
2.1.2.3 A defined domain of applicability 
It is never possible for a model to predict the modelled property reliably for every 
chemical in the entire universe.  The Applicability Domain (AD) is the theoretical region 
in chemical space, defined by the model descriptors and modelled response, and thus by 
the nature of the chemicals in the training set, as represented in each model by specific 
molecular descriptors. [Taken from the Gramatica, QSAR Comb. Sci., 2007, 26, 694–
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701]. In other words, the developed model can only provide reliable prediction on a test 
set with compounds that lie within the AD of the model. 
2.1.2.4 Appropriate measure of goodness of fit 
The goodness of fit provides information on the ability of the QSPR model to reproduce 
the data in the training set and it is measured by Equation 1, where the ŷi represents the 
predicted values (calculated by the model), yi represents the experimental data and y̅i 
represents the mean value of the experimental data13. The R2 parameter can also be 
calculated by fitting a linear regression graph of the model prediction data against the 
experimental data obtained from experimental analysis. The closer the R2 to 1 the better 
the correlation between the two variables. A perfect correlation between the predicted 
and the experimental data, where all the data points lie on the straight line is denoted as 
R2 = 1. This parameter shows how well the model is in reproducing the training set data 
but it does not carry any knowledge on the model’s robustness or prediction ability. That 
information can only be determined from the validation process i.e. the internal and 
external validation tests.  
R2 = 1 − 
∑(ŷi − yi)
2
∑(yi− y̅i)2
=  
Residual Sum of Squares (RSS)
Total Sum of Squares (TSS)
    Equation 1 
 
2.1.2.5 A mechanistic interpretation, if possible 
It is clear that sometimes it is not possible to provide a mechanistic interpretation of a 
given QSPR model13.  This principle is made to ensure that evaluation is made on how 
the descriptors relate to the property of interest and document if there is any. For equation 
2 
instance, in the case of an investigation of co-crystallisation behaviour of small organic 
molecules14, the descriptors that play important role are found to be the molecular volume 
and the ellipsoidal volume, and this is in agreement to the importance of the shape of the 
molecules– they should fit in the crystal cavities to form complexes14. 
2.1.3 Statistical Analysis for Model Validation 
The real challenge in QSPR model development is not only to develop a statistically 
robust model, but to develop a model with predictive power i.e. capacity of making 
accurate prediction on the modelled (target) property of new untested compounds (within 
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the AD of the model), that were not used for model development15,16. The validation stage 
is a vital stage after model development as a non-validated model can lead to false 
prediction. The different types of internal and external validations will be presented in 
this section. 
2.1.3.1 Internal Validation Techniques 
Cross-validation (CV) is the most widely used technique for internal validation7,8,13. This 
technique involves taking out a portion of compounds (n number of compounds) from 
the training set and predicting these as new compounds by the developed models (training 
set - n) in order to verify internal ‘predictivity’. The two types of CV are the Leave-One-
Out-Cross-Validation (LOOCV) and Leave-Many-Out-Cross-Validation (LMOCV), 
which differ in the numbers of compounds that were held-out during the process. The 
internal predictivity of a model is measured by Equation 2 where ŷ(i−n) is the predicted 
values calculated from the (training set – n) model, yi is the experimental values and y̅i 
is the mean value of the experimental data.  
Q2𝐶𝑉 = 1 − 
∑(ŷ(i−n) − yi)
2
∑(yi− y̅i)2
=
Predictive Error Sum of Squares (PRESS)
Total Sum of Squares (TSS)
   Equation 2 
PRESS is also defined as sum of the squared differences between predicted and observed 
values17 while TSS is the squared differences between observed values and their mean18. 
Unlike the R2 parameter that increases as more molecular descriptors are added (and 
causes overfitting), the Q2 value on the other hand will only increases if the descriptors 
added are beneficial in predicting the left out compound(s)13,19. LOOCV and LMOCV 
are very practical methods to examine the robustness and stability of a model, as well as 
to screen any overfitting model19. Hawkins mentioned in his work that an overfitting 
model is a complicated model with too many terms (or descriptors, parameters); one 
model is considered an overfit if its predictions are no better than a simpler model20. The 
LOOCV process is very important in model development and very reliable for small 
datasets as it maximises the use of data; a systematical study shows that the LOOCV is 
adequate if it is done correctly20 although there has also been addressed in some other 
studies that Q2LOO alone is insufficient to measure the model predictivity on new 
compounds, that it needs to be accompanied by a more stable and stronger internal 
validation test, the LMOCV13,16,21. However one should be careful that not too many 
compounds were held-out during LMOCV or the model will lose some relevant structural 
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information. Gramatica suggests that an LMOCV of 30 % for a small dataset is 
acceptable13.They also described that the statistical conditions for a QSAR model to be 
predictive, namely to have a coefficient of determination (R2) > 0.6 and a LMOCV 
coefficient of determination (Q2LMO) > 0.5
22. Q2LOO is considered small if < 0.7
13. 
The Bootstrapping technique involves creating many new data sets from the original data 
set by sampling with replacement, which means several compounds can appear more 
than once in the new data set. An example presented by Wehren, Putter and Buyden 
shows that 1999 bootstrap samples were obtained from the original sample size of 68 
compounds14. Statistical measures such as standard deviation, bias, confidence intervals 
and Q2boot were later calculated on the 1999 samples based on bootstrap principles (Figure 
1). This technique is considered as a smooth version of CV and more efficient in 
estimating the internal predictivity of a model13. 
 
Figure 1 Distribution of 1999 slopes and intercepts from the bootstrap samples 
(Taken from Wehren, Putter and Buyden14). 
The Y-randomization (or sometimes called y-scrambling) test is another internal 
validation test that involves a random shuffle on the dependant responses (the Y-vector) 
and development of new QSPR models based on the new shuffled data sets16. The new 
generated models are expected to have lower R2 and Q2LOO, as higher values indicates 
there is chance correlation or structural redundancy in the training set13.  
2.1.3.2 External Validation 
Whilst there are no completely new compounds used in the internal validation test set (as 
all compounds are involved in the model development at some point), external validation 
on the opposite hand uses a set of completely new compounds, untested, or never been 
used in model development as the test set. This is the fundamental difference between 
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internal and external validations. There has been disagreement within QSPR scholars in 
a sense that some agree that internal validation is a very good indicator of the robustness 
and stability of a model but it is insufficient to address the prediction ability of the model 
on really new external compounds, whilst some modellers’ believe that the internal 
validation alone is enough to provide reliable information on the model’s predictivity. 
Gramatica in her case study has verified that a model with a high internal predictivity 
(high Q2) is not always externally predictive13. Table 1 displays the R2, Q2LOO, Q
2
boot and 
Q2ext comparison done on the first 30 models developed from 48 Nitro-PAH mutagenicity 
(31 in training set, 17 in test set). The study displays the relevance of external validation 
on top of the internal validation to measure the real predictivity power of a model, and 
should not depend entirely on internal validation. 
In general, there are two ways in which an external validation test can be done. For a 
large sample size, some of the data can be split prior to model development and treated 
as an ‘unknown set’23–25. This ‘unknown set’ should only be used to verify the model and 
it does not have involvement in any way in either model development or the internal 
validation. This approach leads to a reduced data set and therefore is not advised for a 
small data set. The second way is by validating the model by using new experimental 
data collected from the literature13,19,26. The later approach is preferred27 as it provides 
stronger validation but finding new experimental data are often scarce. 
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Table 1 The population of models for 48 Nitro-PAH mutagenicity, fitting (R2), CV 
(Q2LOO and Q
2
boot) and external validation (Q
2
ext) parameters. Models with 
reduced external predictivity in comparison to internal are shown in bold 
[Taken from Gramatica13]. 
Model ID Model descriptors R2 Q2LOO Q2boot Q2ext 
1 PW2 SIC1 85.70 82.44 82.36 72.27 
2 PW2 CICI1 84.88 80.78 80.71 75.34 
3 X1A MATS1e 82.42 79.32 79.00 85.75 
4 Mv MATS2e 83.37 79.04 79.25 84.27 
5 Mv MATS1e 81.76 78.47 78.42 74.86 
6 Mv GATS2m 81.57 77.87 78.10 69.13 
7 GATS1e VED2 81.07 77.64 77.68 88.06 
8 Xt nPyr 80.25 77.48 77.41 81.71 
9 Mv PW2 80.95 77.39 77.97 71.85 
10 PW2 IC1 80.89 77.04 77.32 60.07 
11 JG13 VED2 80.27 76.76 76.91 66.67 
12 Mp LUMO 80.78 76.54 76.55 70.13 
13 Mp LUMO 80.26 76.15 76.11 63.74 
14 BELe8 HATS4u 80.53 76.10 76.17 47.59 
15 IC1 VED2 80.17 76.09 76.55 80.94 
16 Xt MATS1e 80.23 76.08 75.96 86.79 
17 PW2 HIC 80.14 75.99 76.16 69.62 
18 SIC1 VED2 79.92 75.78 76.11 81.65 
19 VED2 Hy 79.55 75.52 75.63 86.98 
20 VED2 R6u+ 79.27 75.52 75.50 27.18 
21 HATS3u R3v 79.55 75.52 75.23 0.00 
22 Mv MATS2m 79.25 75.37 75.64 69.21 
23 Xt BELm2 79.89 75.35 75.40 69.54 
24 GG13 VED 79.10 75.34 75.58 63.50 
25 BELe8 R4u+ 80.06 75.32 75.30 50.23 
26 SIC2 BEHm8 79.14 75.13 75.48 61.48 
27 VED2 Rte 78.65 75.13 75.32 69.76 
28 CIC2 VED2 79.49 75.06 75.08 77.75 
29 SIC2 BELv5 79.40 75.02 75.36 58.31 
30 X1A LUMO 79.13 74.96 74.91 78.98 
 
There has been an extensive discussion on different methods used to measure the external 
predictivity of a model. The first method as proposed by Tropsha, Gramatica and 
Gombar16 and approved by the OECD12, is an adaptation from the cross validation Q2 
equation but with elements from the external test set (Equation 3) as the denominators. 
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The ŷext and yext are the measured and predicted (over the test set) respectively, and y̅tr 
is the averaged value of the training set data. 
Q2𝐹1 = 1 − 
∑(?̂?𝑒𝑥𝑡 − yext)
2
∑(yext− y̅tr)2
   Equation 3 
 
However, Schűűrmann et al. have a different opinion18. They pointed out that the training 
set mean, y̅tr  should only be used in cross validation (Q
2
CV) and in performance 
calibration (R2) but not in any other Q2 test set. The study suggested that the ?̅? of a Q2ext 
should refer to the external test set to avoid any confusion (as presented in Q2F2 in 
Equation 4). It was also highlighted in their work that the value of Q2F1 is often higher 
than Q2F2 and that the Q
2
F1 yields a too optimistic estimation on the prediction power of 
a model. It is also worthy to note that the Q2F2 does not require any information on the 
training set, therefore it is an advantage since the evaluation on the model can still be 
done even without a published training set.  
Q2𝐹2 = 1 − 
∑(?̂?𝑒𝑥𝑡 − yext)
2
∑(yext− y̅ext)2
    Equation 4 
Consonni, Ballabio and Todeschini28 on another hand have a contrary opinion to 
Schűűrmann et al.18. They emphasized in their study that referencing the predictive 
squared correlation coefficient, Q2 to the training set mean provides a unique reference 
value independent of the size and distribution of the test set and avoids bias in a test set 
with similar response values. They also firmly stated that it is always a good practise to 
keep track of the training set information for further evaluation and that they regard 
Schűűrmann et al.’s statement that ‘Q2F1 is not preferred because it requires the training 
set information and the information is not always available’ as a poor argument. 
Consonni and his friends proposed a modified version of external Q2 (Q2F3 as in Equation 
5) where the nominator and denominator contain information on the external set and 
training set respectively, and the next and ntr are the number of external set and training 
set data points respectively.  
Q2𝐹3 = 1 − 
[∑(?̂?𝑒𝑥𝑡 − yext)
2]/𝑛𝑒𝑥𝑡
[∑(ytr− y̅ext)2]/𝑛𝑡𝑟
   Equation 5 
A comparison study between the effect of random sampling on Q2F1, Q
2
F2 and Q
2
F3 was 
performed by Consonni and his group by creating a random test set of 100 data points,  
uniformly distributed between 0.1 - 9.9 and their predicted values were generated with 
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RMSE equal to 0.898. The random test set generation was repeated 200 times, keeping 
the same distribution range and prediction values of RMSE 0.898 each time. Figure 2 
displays an unstable measure of Q2 with fluctuation between 0.87 and 0.92 for both Q2F1 
and Q2F2. On the contrary, Q
2
F3 demonstrates a constant Q
2 for all 200 repetitions and 
this strongly proved that Q2F3 is not dependant on data set distribution
28.  
 
Figure 2 Q2 values estimated by the functions Q2F1 (blue), Q2F2 (red) and Q2F3 (black) 
of 100 data points from 200 tests with the same RMSE28. 
 
A further study on the effect of sampling size was also done in the same publication by 
generating a model consisting of 1000 data points with training set mean of 17.1787 and 
R2 value of 0.950328. From there, a number of random test sets of 2, 3, 5, 10, 20, 50, 100, 
200, 300 and 500 were formed from the pool of 100 data points. Then, a random 1000 
repetition was performed for each test size, and Q2 for each repetition on each case (Q2F1, 
Q2F2 and Q
2
F3) were computed. The average Q
2 and standard deviation (std dev) of each 
functions are summarised in Table 2.    
 
The results show that the Q2 of Q2F3 function remain constant over the test and that its 
predictivity is independent of the sample size. On the other hand, the Q2 of Q2F2 function 
increases as the test size increases and it approaches the training set R2 value when the 
test set contains 20 % of the training set size. It was also interesting to discover that as 
the test size increases, the Q2F2 seems to converge towards function Q
2
F1 and that both 
functions performed similarly for test sets of 50 and above28.   
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Table 2 Average and standard deviation of the Q2 derived from 1000 random test sets of different sizes28. 
Test set size 
Q2F1 Q2F2 Q2F3 Training set mean External set mean 
Mean Std dev Mean Std dev Mean Std dev Mean Std dev Mean Std dev 
2 0.637 3.560 -55.577 788.431 0.953 0.030 17.178 0.009 17.326 4.62 
3 0.906 0.214 0.587 2.043 0.953 0.025 17.178 0.012 17.232 3.832 
5 0.926 0.142 0.899 0.215 0.953 0.019 17.179 0.015 17.093 2.924 
10 0.945 0.032 0.937 0.041 0.953 0.014 17.178 0.022 17.098 2.173 
20 0.951 0.017 0.947 0.019 0.953 0.009 17.181 0.029 17.073 1.441 
50 0.952 0.010 0.951 0.011 0.953 0.006 17.179 0.050 17.169 0.954 
100 0.953 0.006 0.952 0.007 0.953 0.004 17.180 0.068 17.146 0.612 
200 0.953 0.004 0.953 0.004 0.953 0.003 17.176 0.101 17.190 0.405 
300 0.953 0.003 0.953 0.003 0.953 0.002 17.187 0.136 17.160 0.318 
500 0.953 0.002 0.953 0.002 0.953 0.002 17.184 0.219 17.174 0.219 
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A study by Golbraikh and Tropsha29 suggests a different approach for a model to be 
considered predictive. They take into account the goodness of fit, R2 of the test set (which 
according to Schűűrmann et al. this parameter quantifies the model precision18), 
including the predicted vs. experimental data forced through origin (R20) and the 
experimental vs. predicted data forced through origin (R’20). A model is considered 
predictive if it has an acceptable value of Q2LOO (above 0.5), R
2 > 0.6, satisfies the 
condition of (𝑅2 − 𝑅20) 𝑅
2 < ⁄ 0.1 or (𝑅2 − 𝑅′20) 𝑅
2 < ⁄ 0.1, the R20 and R’20 are close to 
each other (|𝑅′20 − 𝑅
2
0| < 0.3) and the regression line slopes passed through origin (k 
and k’) are within 0.85 < k or k’ < 1.1516,30. Schűűrmann et al. suggests the use of both 
parameters i.e. test set R2 and the Q2ext as the difference between the two values inversely 
defines the model accuracy (the smaller the difference, the greater accuracy)18.  
Another approach based on a similar principle to the test set R2 (which evaluates the 
agreement between the predicted and experimental data of the test set) is the concordance 
correlation coefficient, CCC proposed by Lin31,32. The initial equation proposed by Lin 
was rearranged by Chirico and Gramatica for easier readability and it is presented in 
Equation 619.  
CCC =  
2 ∑ (xi−x̅)(yi−y̅)
n
i=1
∑ (xi−x̅)2
n
i=1 +∑ (yi−y̅)
2+n(x̅−y̅)2ni=1
   Equation 6 
The xi and the yi correspond to the experimental and prediction values respectively (or 
vice versa), n is the number of data points in the test set while x̄ and ȳ are the experimental 
and prediction mean values respectively (or vice versa). This coefficient formula offers 
a similar approach to the one proposed by Golbraikh and Tropsha29 but is much more 
straightforward and independent of the axis disposition19.  Some studies suggested to use 
Root Mean Square Error (RMSE)13,22 (presented in Equation 728) but Consonni argued 
that RMSE is not suitable for comparing models with different experimental data 
magnitude and size28. However many researchers agree that although RMSE alone is not 
sufficient, it is essential to provide a complete assessment of a model predictivity and 
should be used together with other external validation approaches13,19.   
RMSEext =  √
∑(?̂?𝑒𝑥𝑡 − yext)2
𝑛𝑒𝑥𝑡
    Equation 7 
A validated model has high potential which may be applied for future screening of new 
and/or untested molecules23.   
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2.2 Introduction to Polybenzoxazines 
Polybenzoxazines offer an attractive alternative to other thermosetting polymers such as 
phenol, formaldehyde and epoxy. This polymer has recently been developed for the 
electronics, aerospace, matrices for composite materials, high performance adhesives, 
nanoimprinting technologies33 and just recently has been used for heavy metal ion 
removal34. Polybenzoxazines are made by repeatedly linking benzoxazine monomers to 
form chains or networks.  
Benzoxazine monomers contain at least one benzene ring fused to another six-membered 
heterocyclic ring containing one nitrogen atom and one oxygen atom35. Compounds 
containing nitrogen and phosphorus have become attractive groups for flame retardants 
because they are environmentally friendlier than halogen36. The molecular structure of 
benzoxazines offers great design flexibility, which allow molecules with desired 
properties to be tailored according to their applications37. Monofunctional benzoxazines 
with one oxazine ring yield linear polymers while bi- and polyfunctional benzoxazines 
yields cross-linked polymers. The monomer curing process does not release any 
byproducts and they have lower volume shrinkage compared to other thermosetting. It is 
also interesting that the polymerisation can be initiated by thermal initiation and proceed 
with no added catalyst. 
2.2.1 Synthesis of Benzoxazine Monomers 
Holly and Cope38 discovered the chemistry of oxazine in 1944 through the condensation 
reaction of amines with formaldehyde and phenol via a Mannich reaction. The latter 
reaction is a two-step reaction and numerous phenols and amines with various substituted 
groups can be used to form benzoxazines with different functional groups.   
Generally, benzoxazine monomers can be synthesised in two ways either using a solution 
or a solventless method35,37.  The synthetic procedure in the solution method was reported 
by Burke in his work in 1949, where two procedures of preparing 3,4-dihydro-3-cyclo-
hexyl-6-tert-butyl-1,3,2H-benzoxazine using two different solvents were proposed. Both 
procedures involved the addition of amine into formaldehyde first to form a N,N-
dihydroxymethylamine derivative at low temperature and later on the addition of 
hydroxyl into the mixture at an elevated temperature. The derivative will react with the 
labile hydrogen in the ortho position at the hydroxyl group to form an oxazine ring39.  It 
was found that the solution method has a major disadvantage i.e. poor solubility of the 
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precursors. This method also has a slower reaction rate and the use of large amounts of 
organic solvent used is not cost efficient and harms the environment37.  
To overcome these shortcomings, Ishida et al. introduced a one-step, solventless method 
undertaken in the molten state in the 1990s40. Liu proposed that this method requires the 
precursors; amine, paraformaldehyde and phenol to be added together, heated to their 
melting temperatures and maintained at the temperature to complete the reaction41. This 
new method helps to reduce the reaction time and produce fewer unwanted intermediates 
and by-products. 
 
Figure 3 The mechanism of formation of benzoxazine monomer42. (R = Aryl, R’ = 
Me, Ph) 
Several studies of the reaction have been reported, but a general mechanism for 
benzoxazine formation involves a formaldehyde group, amine group and phenol group 
via a Mannich reaction. The Mannich reaction is a nucleophilic addition of an amine to 
the carbonyl group followed by another reaction with phenol to form benzoxazine37,43,44. 
Figure 3 shows that the reaction requires a molar ratio of 2:1:1 moles ratio of 
formaldehyde:amine:phenol; 2 moles of formaldehyde are needed to react with 1 mole 
of amine and 1 mole of phenol to form 1 mole of benzoxazine monomers. 
Generally, high temperature heating during monomer synthesis (at about 100 oC in the 
solventless method and 120 oC in 1,4-dioxane solvent under reflux condition) will 
promote ring opening polymerisation, especially in the present of active hydrogens such 
as naphthol, indoles even the starting material phenol45, forming a mixture of oligomeric 
structures and the monomer of interest46. Although these ring opened structures can be 
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eliminated using soft base wash to produce pure benzoxazine monomer, it is often 
impossible to eliminate all residues from the monomer synthesis. These species are 
regard as advantageous as they can act as initiators47 and can catalyse further ring-
opening polymerization to occur at lower temperatures46.  
The presence of water during monomer synthesis also increases the formation of side 
products during the synthesis as the water catalysed benzoxazine polymerisation via the 
formation of imine as illustrated in Figure 448. 
 
Figure 4 Formation of polymerisation derivatives, imine48. 
2.2.2 Formation of Polybenzoxazines via Cationic Ring Opening Polymerisation  
From a chemistry point of view, both the electron-rich oxygen and the nitrogen on the 
oxazine ring are reactive and possible to be cationic polymerisation initiation sites due to 
their high basicity by the Lewis definition47 and the polymerisation mechanisms of both 
possible routes were proposed by Wang and Ishida49. The electron charge calculation 
reveals that the negative charge on oxygen is higher than the nitrogen (O, -0.311 electron; 
N, -0.270) that the oxygen site is preferred over the nitrogen for the initial 
polymerisation49. A cyclic tertiary oxonium ion will be formed upon the attack of cationic 
initiator on the oxygen (or a cyclic nitronium ion upon the attack of the cationic initiator 
on the nitrogen). The polymerisation will then proceed by monomer insertion on the 
oxonium and nitronium reaction sites, leading to a Mannich base phenoxy-type (Type 1) 
polybenzoxazine structure as illustrated in Figure 549. They also proposed polymerisation 
can also proceed by monomer insertion on the unobstructed ortho position of the benzene 
ring with respect to the phenoxy-OR group as presented in Figure 6, leading to the 
formation of Mannich-base phenolic type (Type 2) polymer49. This ortho position was 
activated by the oxygen in the oxazine ring and proven to have high reactivity towards 
thermal polymerisation of benzoxazine with or without catalysts49. This knowledge 
suggests that the thermally activated polymerisation takes place by attacking the ortho-
position on the benzene ring, forming stable oxonium cation (due to the intramolecular 
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hydrogen bonding) which act as the cationic initiator and accelerates the polymerisation 
process in an autocatalytic manner50.  
 
Figure 5 Proposed cationic ring opening polymerisation mechanism by Wang and 
Ishida49. 
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Figure 6 Ortho-position initiated polymerisation in thermally initiated 
polymerisation with and without catalyst49.  
Recently, Chutayothin and Ishida48 discovered that insertion of monomer through the 
iminium ion route is more common for thermally activated polymerisation. This is in 
agreement with a study reported by Hayakawa et al.51 that structural rearrangement 
during polymerisation at an elevated temperature favours the thermally stable benzene 
rings bridged to a methylene linkage. In this route, the –O-CH2 bond on the oxazine was 
first broken down into an oxonium ion which then resonance forming the more thermally 
stable iminium ion (Figure 7).  
 
Figure 7 Monomer insertion through iminium ion in thermally activated 
polymerisation proposed by Chutayothin and Ishida48. 
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Following the Chutayothin and Ishida finding on the rearrangement of reactive oxygen 
protonated species into the thermally stable nitrogen protonated species48, Liu and his 
co-workers have come out with a detailed mechanism with the basis that the mechanism 
is divided into three main steps: coordination ring opening, electrophilic attack and 
rearrangement52. First, the catalyst coordinates with an oxygen or nitrogen and generates 
three possible cationic intermediates A, B and C by different heterolysis patterns. For 
each intermediate, the following electrophilic reactions may involve O-attack, N-attack 
and Aryl-attack. As a result, the polymer obtained may contain phenoxy and phenolic 
structures as presented in Figure 8 [Taken from C. Liu, D. Shen, R. M. Sebastián, J. 
Marquet and R. Schönfeld, Macromolecules, 2011, 44, 4616–462252]. 
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Figure 8 Mechanism of ring opening polymerisation proposed by Liu et.al.52
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The polybenzoxazine structure can form several different hydrogen bonding species 
between hydroxyl groups (OH---OH) or between hydroxyl group and tertiary nitrogen 
atoms (OH---N) all over the network. The extensive inter- and intramolecular hydrogen 
bonds have made the polymer possess low water absorption and high water repellency 
despite the huge number of hydroxyl groups within the cross-link network53.  
A study by Kim and Ishida revealed that the distribution of hydrogen bonding species is 
highly dependent on the amine functional groups53. They discovered that the hydrogen 
bonding distribution on bisphenol A/aniline based polymer (BA-a) and bisphenol 
A/methylamine based polymer (BA-m) are dissimilar due to the difference in the 
electronegativity of the nitrogen atom on the Mannich bridge on both polymers. The 
nitrogen atom on the BA-a has a lower electron density (less electronegative) and forms 
a relatively weak intramolecular hydrogen bond than that of the BA-m polymer because 
the electrons on the nitrogen atom are more delocalised throughout the benzene ring 
(Figure 9). The -OH---N is the dominant intramolecular hydrogen bonding over the OH-
--O as it forms a very stable six-membered ring structure53, as illustrated in Figure 9. This 
fact is supported by a further study on the distribution of hydrogen bonding species in 
benzoxazine dimer, trimer and tetramer models by Kim and Ishida54. 
 
Figure 9 i) The differences in the electronegativity around nitrogen atom in (a) BA-
a and (b) BA-m53. ii) –OH---N intramolecular hydrogen bonding forms a 
stable six-membered ring structure. 
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2.2.3 Polybenzoxazines Degradation Mechanism 
Thermal degradation of a polymer is highly affected by many factors including the 
structure of main chain or side chain, substituent groups, branches and chain ends, 
crosslink density, molecular weight and environment, air or inert gas55.  Due to the multi-
reactive sites and many possible ring opening mechanism routes, a mixture of crosslink 
structures are formed during polymerisation. This has made the study on the polymer 
thermal stability extremely complex.  
Taking an aniline-based monofunctional benzoxazine, PC-a as an example, there are at 
least four different types of crosslink structures found in poly(PC-a) as presented in 
Figure 10. Among the four structures, it is believed that the Mannich phenolic-type 
bridge is the dominant structure contributing to the crosslink network of 
polybenzoxazines48,52. Each crosslink structure has a different stability towards high 
temperature. Methylene bridge is the most stable structure due to the absence of the weak 
C-N bond, followed by the arylamine Mannich bridge, phenolic-type Mannich bridge 
and finally the phenoxy-type Mannich bridge. The connected arylamine into the 
backbone structure contributes to its high thermal stability55. Phenoxy-type Mannich 
bridge is known for its low stability and that it converts to the more stable phenolic-type 
Mannich bridge at higher temperature52.  
 
Figure 10 Possible crosslink structures of poly(PC-a)55. 
In another publication, Ishida and his co-worker explained that polybenzoxazine 
degradation often follows a three stage weight loss event; the first weight loss at around 
310 oC is attributed to the cleavage of Mannich bridge with primary products of aniline 
and some N-methylaniline, followed by the second weight loss event at around 400 oC 
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which corresponds to the breaking of the bisphenol linkage (e.g. isopropylidene linkage 
of Bisphenol A as in poly(BA-a)) with evaporation of aniline and phenolic species and 
finally the last weight loss event at around 460 oC is attributed to the degradation of the 
char with trace amount of phenolic species and large amounts of substituted benzene 
compounds56. The Mannich base stabilization arises from the very stable intramolecular 
hydrogen bonding between the phenolic –OH and the Mannich bridge nitrogen 
whichcontributes to the higher degradation temperature than expected and improved 
thermal stability (Figure 11)57. 
 
Figure 11 Intramolecular hydrogen bonding between phenolic –OH and Mannich 
bridge nitrogen57.  
Analysis on the thermal decomposition product of polybenzoxazines by Hemvichian and 
Ishida58 found that there are two sets of degradation products formed during the 
degradation process. The primary degradation which occurs at a lower temperature 
produces small molecules such as benzene derivatives, amines, phenolic compounds and 
Mannich base compounds whilst the products of the secondary stage are bulky molecules 
such as  2,3-benzo-furan derivatives, iso-quinoline derivatives, biphenyl compounds and 
phenanthridine derivatives59. Hemvichian and Ishida in their further work proposed the 
degradation mechanism of a typical polybenzoxazine, poly(BA-a) as illustrated in Figure 
1258. 
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Figure 12 The proposed degradation products of poly(BA-a) by Hemvichian and 
Ishida58,59. 
Toluene, dimethylbenzene and trimethylbenzene are a few examples of the benzene 
derivatives detected by Ishida and his co-worker and the species intensities vary 
depending on the structure of the polybenzoxazines60. The amine of a polybenzoxazine 
(and their substituted derivatives e.g. N-methylaniline56,60) that are attached to the end of 
chains are usually evaporated at the early stage of the decomposition process due to the 
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weaker C-N bond59 (unless the amine is incorporated or anchored into the main polymer 
chain). The breaking of the Mannich bridge during the first stage degradation can occur 
at either C-C or C-N bonds58,61,62 (as illustrated in Figure 13). Although the cleavage of 
the C-N bond is expected to dominate the process because of the lower C-N covalent 
bond energy (72 kcal/mol compared to the higher C-C bond energy, 82.6 kcal/mol63), a 
study on benzoxazine dimers found that the cleavage route is significantly affected by 
the size of the amines e.g. dimers with smaller amines favour the C-C cleavage and 
reform the benzoxazine monomer while dimers with bulky amines tends to break the C-
N bond forming secondary amine and a stable Schiff base61. Table 3 shows degradation 
products via TGA-GC-MS of poly(BA-a) under both nitrogen and oxygen atmosphere60.  
 
Figure 13 Degradation of Mannich base compounds; products formed from the 
cleavage of C-N and C-C bonds58,62. 
CHAPTER 2: Literature Review 
29 
 
Table 3 Relative abundance of poly(BA-a) degradation (primary) products  at 800 
oC based on TGA-GS-MS analysis60.  
N2 Atmosphere Air Atmosphere 
Aniline (27 %) Aniline (56 %) 
Phenol (3 %) 2-Methylphenol (8 %) 
p-Aminotoluene (2 %) Phenol (7 %) 
N-methylaniline (1 %) N-Methylaniline (3 %) 
2,6-Dimethylphenol (1 %) p-Aminotoluene (3 %) 
3-Methylphenol (0.6 %) 2,6-Dimethylphenol (3 %) 
Toluene (0.5 %) Isocyanato-benzene (1 %) 
2,4-Dimethylphenol (0.5 %)  
p-Xylene (0.4 %)  
2-Methyl-5-(1-methyl-ethyl)phenol (0.4 %)  
 
The products of secondary stage decomposition are not directly part of the polymer 
crosslink network but are formed from the recombination or degradation of primary 
decomposition species58. Biphenyl compounds are derived from the reaction between 
two phenyl radicals from benzene derivatives, amines and phenolic compounds while 
2,3-benzofuran compounds are formed from further phenolic compounds degradation. 
Isoquinoline and phenanthridine on the other hand are the products of successive 
degradation of the Mannich base58. Figure 14 and 16 show the mechanism of formation 
of some secondary species such as biphenyl and phenanthridine. Further crosslinking, 
dehydrogenation and aromatization of these secondary degradation species finally leads 
to the formation of highly condensed aromatic molecules i.e. char formation (Figure 
16)58.  
 
Figure 14 The mechanism of biphenyl formation from phenolic compounds58. 
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Figure 15 The mechanism of phenanthridine formation from a Mannich base58.  
 
 
Figure 16 The formation of char from biphenyl compounds dehydrogenation58.  
 
2.2.4 Polybenzoxazines with Reactive Functional Groups 
In general, the amine parts of polybenzoxazines usually sit at the chain ends and were 
found to be the weakest point of the crosslink network that will be eliminated at the early 
degradation stage during Mannich bridge cleavage. However, the evaporation of the 
dangling amines from the structure can be avoided by anchoring the amine moieties into 
the crosslinked structure of the polymer and subsequently gives a better thermal stability 
towards the polymer. This can be done by introducing reactive functional groups such as 
acetylene1, nitrile64, allyl65,66 and recently, aldehyde67,68 into the monomer structure.  
A comparison on the thermal stability of Bisphenol A-acetylene-based polybenzoxazines 
(poly(BA-apa)) to its analogous aniline-based polybenzoxazines, (poly(BA-a)) found 
that  the onset temperature (the temperature at which the polymer starts to degrade) of 
poly(BA-a) is significantly improved from 220 oC to about 350 oC once the reactive 
acetylene functional group was introduced into the monomer1. It was highlighted in the 
same publication that the degradation behaviour of both polymers are also different based 
on their TG derivative curves (Figure 17). Unlike poly(BA-a), which easily releases 
aniline as the dominant degradation product under inert atmosphere, poly(BA-apa) on 
the other hand releases NH3 as a result of Mannich bridge cleavage and further scission 
on its anchored amines (Figure 18)1. The release of CO2 was also observed at the early 
degradation of higher temperature cured poly(BA-apa). It is believed that the methylene 
bridge of the polymer is oxidised upon further high temperature cure in oxygen, forming 
C=O which then releases CO2 when degraded
1. The degradation mechanism of poly(BA-
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apa) is presented in Figure 18. CO2 and NH3 are non-flammable gases that these gases 
could benefit by forming a barrier on the surface of the polymer thus reducing flame 
spread.  
 
Figure 17 TG derivative curves of poly(BA-apa) and poly(BA-a) in nitrogen 
environment1. 
 
 
Figure 18 Degradation mechanism of poly(BA-apa) as proposed by Low and Ishida1. 
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Other than acetylene, the addition of nitriles into benzoxazine structures were also found 
to be effective in improving the thermal stability of polybenzoxazines. This idea can be 
considered as one of the environmentally safe options since no evidence of hydrogen 
cyanide (HCN) release during polymers decomposition has been found64. A study by 
Brunovska, Lyon and Ishida reported that although some of the nitrile functional groups 
remain unreacted during the initial polymerisation stage, further thermal polymerisation 
of the nitriles occurs at higher temperature (during degradation) such that the nitrile-
based polybenzoxazines can produce up to 80 % char yield (the solid residue after 
pyrolysis at 800 oC under nitrogen) depending on the monomer structures64.  
Incorporation of allyl-based amine into the benzoxazine monomer structures has proven 
to improve the glass transition temperature, Tg (the temperature at which a polymer 
transformed from a glassy state material into rubbery state material) of the respective 
polymers to about 40-150 oC higher than their analogous aniline-based 
polybenzoxazines65,66. The presence of the reactive allyl group provides additional 
crosslinking sites which subsequently increases the crosslink density and improves the 
polymers’ Tgs. The thermal stability of allyl-based polybenzoxazines however are not as 
great due to the aliphatic crosslinking of the allyl polymerisation that tends to decompose 
at lower temperature and produce low char yield65,66.  
 
Figure 19 Some of the possible structures of monofunctional and bifunctional allyl-
based benzoxazine monomers65,66. 
It was recently found by Ran and Gu68 who explored the role of aldehyde towards the 
curing process and thermal stability of polybenzoxazines. They found that the presence 
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of aldehyde lowered the maximum curing temperature, Tmax from 236.8 
oC to 196.3 oC 
due to the extra crosslinking formed by the aldehyde groups. It is known that the aldehyde 
is prone to oxidise forming carboxylic acid in air and Costa et al. found that the aldehyde 
oxidation is facilitated by the presence of oxygen within the monomer structure69; as in 
the structure of the benzoxazine monomer. Andreu and his co-workers mentioned in their 
study that carboxylic acid at the para position of a phenol undergoes decarboxylation 
process producing CO2 during cure
70 which is confirmed by the detection of CO2 during 
analysis done by Ran and Gu68. 
 
Figure 20 Aldehyde oxidation and decarboxylation during curing process68. 
 In addition to the intramolecular hydrogen bonding, further analysis found that there is 
a large amount of intermolecular hydrogen bonding throughout the network formed by 
the remaining unreacted aldehyde groups with phenolic hydroxyl groups, as illustrated 
in Figure 21 that ultimately contributes to the relatively high char yield of aldehyde-based 
polybenzoxazines (of nearly 60 %67). 
 
Figure 21 Intermolecular and intramolecular hydrogen bonding throughout the 
polymer network68.  
 
2.2.5 Unique Properties of Polybenzoxazines 
2.2.5.1 Near Zero Volume Change 
Volumetric shrinkage often happens during the curing process since molecules move 
from the van der Waals distance of separation to a covalent distance of separation. 
Sometimes during the polymerisation process, small molecules are released as 
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byproducts and this also further reduces the volume of the resulting polymer71. For 
example, water molecules were removed in the condensation polymerisation of resoles-
formaldehyde in the present of alkaline catalyst72.  
Ishida et al. found that benzoxazine encountered only a very small volume shrinkage 
during curing temperature as the monomers move from a van der Waals distance to a 
covalent distance of separation, but there are almost zero changes in density and volume 
at room temperature71. Table 4 shows the difference between the room temperature 
density of the monomers, the density of the corresponding polymers and the percentage 
of shrinkage of each benzoxazine resins. 
 
Table 4 Density of benzoxazine monomers and the corresponding polymers at room 
temperature71. 
Amine Density of 
monomer (g/cm3) 
Density of 
polymer (g/cm3) 
Shrinkage (%) 
Aniline 1.200 1.195 0.40 
Ethylamine 1.109 1.1.04 0.41 
Cyclohexylamine 1.123 1.118 0.43 
Isopropylamine 1.063 1.071 0.72 
n-propylamine 1.076 1.084 0.76 
Butylamine 1.067 1.076 0.82 
Tert-butylamine 1.078 1.061 1.58 
 
The small percentage of shrinkage displayed by benzoxazines resins are also due to the 
fact that no byproducts are formed during the polymerisation process. This statement can 
be explained using the mechanism of ring-opening polymerisation as previously 
presented in Section 2.2.2.  
2.2.5.2 Low Water Absorption 
The amount of water absorbed by a material is an important aspect particularly in 
electronic packaging moulding compounds because moisture absorption in the moulding 
compounds is the major cause of ‘popcorn failure’ during the fabrication process73. The 
‘popcorn failure’ happens with the build-up of pressure when the heat is applied (due to 
the formation of steam from the absorbed water) causes the component to ‘balloon’ and 
crack. Both phenolic and epoxy resins have relatively high water uptake upon saturation 
(about 3-20% by weight74). One of the driving forces of the water absorption is the 
electrostatic attraction between the water molecule and the polar functional groups 
CHAPTER 2: Literature Review 
35 
 
attached to the polymer such as hydroxyl and amine75,76. Although benzoxazine resins 
contain such polar groups, they absorb less water than expected. Low water absorption 
of benzoxazines makes this thermosetting material a better candidate for electrical 
applications compared to conventional phenolic and epoxy resins.  
Ishida et al. reported that bisphenol A  and bisphenol A/methylamine benzoxazine absorb 
water up to about 1.9% and 1.3% of their corresponding weight after 600 days (nearly 2 
years) of immersion in distilled water77. These values are relatively small compared with 
other thermosetting materials such as phenolics and epoxy. Table 5 shows the 
comparison of water uptake by a few thermosetting resins including phenolic, epoxy, 
benzoxazines and a cured mixture resins of benzoxazine (B), epoxy (E) and phenolic (P). 
(N.B. the numbers that follow the abbreviation is the mass ratio of the respective resins, 
e.g. BEP121 represents benzoxazine, epoxy and phenolic mixture with mass ratio of 
1:2:1.). The table clearly shows that the presence of low water uptake benzoxazines helps 
to improve the water absorption of the resins mixture compared to pure epoxy. 
Table 5 Water absorption of some benzoxazines compared with some               
thermosetting materials73. 
Resins 
Water absorption (%) 
24 h 7 days 120 days Saturation 
Phenolic 0.23 N/A N/A N/A 
Epoxy 0.12 0.62 1.8 N/A 
Bisphenol A/ 
methylamine 
benzoxazine 
0.17 0.40 1.15 1.3 
Bisphenol A 
benzoxazine 
0.11 0.28 0.98 1.9 
BEP121 0.10 0.30 1.28 1.70 
BEP893 0.10 0.32 1.40 1.81 
N/A = not applicable 
2.2.5.3 Glass Transition Temperature (Tg) 
The glass transition temperature (Tg) is a temperature region where the polymer changes 
its properties from a hard, glassy, brittle material to a soft, rubbery material.  
The curing temperature of benzoxazines monomers (Tc) are below their final glass 
transition temperature, Tg and this is similar to other thermosetting polymers. However, 
it was reported that benzoxazines exhibit a special behaviour in which their Tg changes 
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as a function of the cure time (Figure 22). A study featuring 4,4,O-a benzoxazines78 found 
that there was an increase of 23 oC of the Tg of the material (340 
oC to almost 365 oC) 
after it was cured at 290 oC for 20 h. The high Tg of the 4,4,O-a polybenzoxazine might 
be due to its high crosslink density and the structural rearrangement it undergoes during 
the polymerisation. This unique behaviour of polybenzoxazines (Tg > Tc) allows the 
material to be processed at a moderate temperature from below 300 oC to a very high 
temperature of 365 oC. 
 
Figure 22 The glass transition temperature (Tg) of 440-a polybenzoxazine as a 
function of cure time at 290 oC78. 
2.2.5.4 High Char Yield 
Resins which display high percentage char yields (i.e. the residual remaining after 
pyrolysis) have large potential in flame-resistant applications. The formation of char 
during the combustion can help to reduce burning and disrupt a sustained flame by 
reducing the diffusion rate of decomposed and flammable gases into the flame front74. 
Classical phenolic resins can form up to 30-55% of char yield and epoxy can only 
produce 5-15% char yield when the remaining weight is examined under nitrogen at 
800oC74.  These values are relatively small compared to the char yield that can be 
produced by polybenzoxazines which are about 33-81%74,79. Other high char yield 
polymers are polyimides and polybenzimidazoles but these polymers have the drawback 
of difficult processability62. Walters and Lyon reported that polybenzoxazines are 
considered as good materials for flame retardant applications because they have high 
molar quantities of hydroxyl, tertiary amine and benzene group which contributes to the 
high heat release capacity80. 
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CHAPTER 3 
 
Experimental Methods and 
Techniques 
 
3.1 Introduction 
 This chapter presents a description of the computational methods used during model 
development as well as experimental methods used in monomer synthesis and the 
different techniques used for monomer characterisation (FTIR, NMR, elemental analysis, 
LC-MS and flash chromatography (where possible)). Also included are explanations on 
the DSC and TGA techniques which were used in examining the thermal properties of 
the synthesised monomers.  
3.2 QSPR Methodology 
Molecular Operating Environment 2015.10 (MOE 2015.10) software by Chemical 
Computing Group (Cambridge, UK)81 was used to run QSPR and generate models to 
calculate the predicted char yield of thirty-three polybenzoxazines (the training set). The 
Partial Least Squares Regression (PLS) algorithm was used to analyse the relationship 
between the actual char yield (measured by experimental work) and the predicted char 
yield (calculated using the model). PLS was chosen because it can handle strongly 
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correlated descriptors9 and provide maximum correlation with the dependent variables. 
All molecules were modelled using Molecular Mechanics and treated as ball and spring 
with consideration of the atoms charge. These molecules were energy optimised and 
minimised using the small organic molecules parameterized force field, which is the 
Merck Molecular Force Field 94 (MMFF94). The energy of a molecule is the sum of all 
individual interactions for all bonds and angles e.g. Estrain = ∑ [Ebonds + Eangles + Etorsions + 
Enonbonds + Echarges + (Eh-bonds)] and it is in the form of potential energy as the molecules 
are static (not moving). A lower Estrain gives a more stable molecule. Each molecule’s 
conformation carries a different potential energy as they do not always have the exact 
bond lengths and angles to other conformations. It is therefore easy to say that a flexible 
molecule (with less rigid bonds such as rings and double or triple bonds) tends to have 
many conformations hence it has a higher possibility of having many low energy 
conformations.  
There are six main steps to generate a model with the best linear model equation and 
these steps are simplified in a schematic flow presented in Figure 23. In brief, the 
polybenzoxazines used in the training set for all QSPR experiments in this study were 
obtained from the Handbook of Benzoxazine Resins. Each molecule in the training set 
was rebuilt in the MOE software and went through the energy minimization process 
before being used for QSPR modelling. Then, a selection of descriptors were chosen 
intuitively based on the ‘trial and error’ principle. Descriptors pruning was done by 
removing less contributing descriptors, leaving only descriptors with a major role in the 
model. The best linear model equation was later generated and it was used to calculate 
the prediction values for each molecules in the training set. The model was then subjected 
to validation tests to determine its internal and external predictivity. 
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Figure 23 Schematic flow of the QSPR experiments in this study.  
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3.3 Synthesis Procedures 
3.3.1 Materials 
Bisphenol A, 3-ethynylaniline, benzylamine, 2,2’-dihydroxybenzophenone and 1,4-
dioxane were purchased from Sigma Aldrich, and 4,4'-oxydiphenol was purchased from 
Fisher Scientific. All reagents and solvents were used without further purification. The 
reagents used in this work are shown in Figure 24. 
 
Figure 24 Bisphenols and amines used in this work. 
 
3.3.2 Instrumentation and Apparatus 
3.3.2.1 Fourier Transform – Infra Red Spectroscopy (FT-IR) 
Spectra were recorded on an Agilent Clary 640 FT-IR spectrometer with MKII Golden 
Gate Single Reflection ATR System. 32 scans between 3800-600 cm-1, with 4 cm-1 
resolution, were taken. Prior to the sample scan, 32 background scans were taken from 
3800-600 cm-1 to eliminate interference and reduce false positive response in the sample. 
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3.3.2.2 Nuclear Magnetic Resonance (NMR) 
1H-NMR spectra were recorded using a Bruker 400 MHz spectrometer at 400 MHz and 
13C NMR spectra were recorded at 100 MHz. The spectra were referenced to 
tetramethylsilane (TMS) at 0 ppm and deuterated chloroform or DMSO were used as 
solvents depending on the sample solubility. Approximately 5 mg and 10 mg of sample 
were dissolved in 3 cm3 deuterated solvent were used for 1H-NMR and 13C-NMR spectra 
respectively. The data is reported as follows: chemical shift (δ) in ppm, integration, 
multiplicity (s, singlet; d, doublet; m, multiplet), assignment. 
3.3.2.3 Elemental (C-H-N) Analysis 
Elemental analysis was performed on samples (~3 mg) using an Exeter Analytical CE440 
C-H-N Elemental Analyser. The samples were combusted in oxygen in a high 
temperature furnace (1800 oC) using helium as the carrier gas, forming N2, CO2 and H2O 
which were then measured using a thermal conductivity detector. Acetanilide was used 
to calibrate the instrument and was tested over a series of standards including S-benzyl-
thiuronium chloride and phenylthiourea to confirm the calibration.  
3.3.2.4 Chromatography 
Thin layer chromatography (TLC) was performed using precoated aluminium-backed 
plates (silica gel 60 F254) which were left to develop in a chamber containing solvent 
mixture before being visualised with UV radiation at 254 nm.  
Flash column chromatography was carried using a Biotage SP1 instrument, using silica 
gel of mean particle size 40-60 μm and average diameter 60 Å.  The mobile phase was a 
mixture of DCM : EtOAc : Pet. Ether which was varied over the elution gradient shown 
in Table 6. 
Table 6 The flash column chromatography elution gradient for 22BZ-apa 
separation. 
8.0:0.5 DCM:EtOAc ratio 
(%) 
0 2 5 10 50 70 100 
Petroleum ether (%) 100 98 95 90 50 30 0 
Column Volume (CV) 2 1 3 2 3 5 2 
 
The column was prepared via the wet loading method, in which the silica gel was mixed 
with the eluent mixture (mobile phase), forming a slurry of silica before being poured 
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into the column, allowed to settled and excess eluent flushed out under vacuum, leaving 
the solvent only 1 cm above the silica level. More eluent mixture was then added into the 
column and flushed out and this step was repeated three times to ensure a good silica 
packing. 
3.3.2.5 Liquid Chromatography-Mass Spectrometry (LC-MS) 
LC-MS studies were carried out on 1260 Infinity II LC-MS (Agilent Technologies). The 
flow rate was 0.2 mL/min. The liquid separation was achieved by a mixture of Solution 
A (MeCN + 0.1% Formic acid) and Solution B (Water + 0.1% Formic Acid) in a 7 
minutes separation run of a gradient program as shown in Table 7. The mass spectrometer 
was run on a positive ion model with manual injection of 10 µL per sample.  
Table 7 Gradient program for sample separation in LC-MS. 
Time (min) MeCN + 0.1% Formic acid Water + 0.1% Formic Acid 
0.00 5 95 
0.40 5 95 
2.00 20 80 
3.50 100 0 
5.50 100 0 
6.00 5 95 
7.00 5 95 
 
3.3.2.6 Differential Scanning Calorimetry (DSC) 
TA Instruments Q1000 has been used to perform DSC under nitrogen atmosphere. The 
samples (~4-5 mg) were heated in sealed aluminium pans from 27 oC to 300 oC at a 
heating rate of 10 oC/min. Heating rates of 10 oC, 15 oC and 20 oC were also used in some 
experiments. 
3.3.2.7 Thermogravimetric Analysis (TGA)  
TGA was carried out on a TA Instruments TGA Q500. ~3mg sample were heated in an 
open platinum pan under a nitrogen and air atmosphere from room temperature to 800 
oC at a heating rate of 10 oC/min. The air or nitrogen gas was supplied at a flow rate of 
60 ml/min with a balance under a nitrogen flow of 40 ml/min. 
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3.3.3 Techniques 
3.3.3.1 Fourier Transform – Infra Red Spectroscopy (FT-IR) 
The components of a FT-IR spectrometer are the infrared source, interferometer, sample 
compartment and the detector. The interferometer most in use today is the Michelson 
interferometer and the design is shown in Figure 25. The collimating mirror at the top in 
Figure 25 is essential to collect the infra-red (IR) beam from the source and make the 
rays parallel before reaching the beamsplitter82. The beamsplitter is the heart of the 
interferometer which is designed to trasmit some of the beam towards the fixed mirror 
and reflect some of the beam towards the moving mirror. The IR beam then travels back 
towards the beamsplitter where they are recombined into a single light beam, undergoing 
constructive and destructive interference which leaves the interferometer and interacts 
with the sample before reaching the detector82,83. The spectral information of the sample 
is stored in an interferogram and it is then converted into a conventional spectrum via a 
mathematical transform operation (a Fourier transform). The moving mirror plays 
different roles depending on the types of spectrometry scan required. It can be either a 
step-scan interferometer, in which the moving mirror will be held at equally spaced points 
for fixed short periods and stepped rapidly between these points, or a continuous-scan 
when it moves at a constant velocity83.  
 
Figure 25 The optical diagram of a Michelson interferometer (redrawn from 82). 
IR spectroscopy detects the stretching and bending of bonds.  When the sample is 
exposed to the IR beam, specific radiation wavelengths corresponding to the energy 
which matches to the energy gap for stretching and bending of bonds in the sample will 
be absorbed. The radiation intensity reaching the detector is decreased and this is 
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recorded in the spectrum. IR spectroscopy is particularly helpful in identifying the type 
of bonds present and the functional groups of a molecule such as NH2, NO2, COCl and 
CONH2
84.  
3.3.3.2 1H and 13C Nuclear Magnetic Resonance (NMR) 
NMR spectroscopy uses a strong magnetic field and radio waves to detect atomic nuclei 
and collect information on the chemical environment of the nuclei. Only spin-active 
nuclei of relatively high natural abundance (1% is sufficient for 13C) are observable in 
NMR spectroscopy. The two most commonly used nuclei are 1H and 13C, followed by 
19F and 31P. The energy level of the nuclei splits into two energy levels in the presence of 
a strong external magnetic field, B0 (Figure 26). When the sample is exposed to radio-
wave radiation, some nuclei in the lower energy state that are in the ‘resonance condition’ 
(where the radio-wave energy is exactly matched to the energy gap between the two 
energy levels) will absorb the energy and be promoted to the higher energy level84. When 
the nuclei fall back to their lower states, they give out energy which is detected and 
recorded in the spectrum. The energy gap is proportional to the strength of the external 
magnetic field, and increases as the field strength is increased8. 
 
Figure 26 The energy gap between the higher and lower energy levels is proportional 
to the strength of the external magnetic field applied, H1 and H2 (or B0 as 
used in Figure 27) (redrawn from 85). 
Each atomic nucleus experiences the external magnetic field to a certain extent, 
depending on their chemical environment and the electron density around the nucleus. 
The moving electrons create a local magnetic field, µe in the opposite direction to the 
applied external magnetic field, B0
86 (Figure 27). Any nucleus sharing a bond to a less 
electronegative atom will have a higher electron density around its nucleus. This high 
density of electrons will create a high local magnetic field, µe which shields the nucleus 
from interacting with the applied external magnetic field, resulting in a smaller energy 
level gap. On the other hand, a more electronegative neighbouring atom will attract and 
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pull the electrons away from the nucleus and leave the nucleus with less electrons around 
it. This will introduce a deshielding effect due to the smaller µe around the nucleus, 
allowing the nucleus to interact more with B0, resulting in a bigger split in the energy 
level. These shielding and deshielding effects are shown as different chemical shifts in a 
NMR spectra.  
  
Figure 27 The local magnetic field, µe is in the opposite direction to the external 
magnetic field applied, B0.   
3.3.3.3 Elemental (C-H-N) Analysis 
Elemental (C-H-N) analysis provides a rapid determination of percentage carbon, 
hydrogen and nitrogen in an organic sample. Figure 28 shows a schematic diagram of a 
commonly used C-H-N-S analyser. The combustion process was done in a high 
temperature, oxygen-rich environment. Upon combustion, carbon will be converted to 
carbon dioxide (CO2), hydrogen converted to water (H2O) and nitrogen converted to 
nitrogen gas (N2). Other elements present such as chlorine and sulphur will also be 
converted to combustion products. All combustion products are carried out from the 
combustion furnace by an inert carrier gas (helium) and passed through heated (at around 
600 oC) high purity copper in the reduction chamber. Copper is used to remove traces of 
unreacted oxygen from the combustion and to convert any nitrogen oxide into nitrogen 
gas. All combustion products other than CO2, H2O, N2 (and SO2 if the determination of 
sulphur percentage is of interest) will be removed using a variety of absorbents. The 
remaining gases are then selectively separated through a GC column and measured by 
thermal conductivity detectors87,88. 
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Figure 28 Schematic diagram of a C-H-N analyser89.  
3.3.3.4 Chromatography 
Thin layer chromatography (TLC) and flash column chromatography (FCC) are based 
on the same principle. Both methods utilise polar silica gel (or alumina, cellulose or 
polyamide90) as the stationary phase and a mixture of miscible solvents (or sometimes a 
single solvent) as the mobile phase to separate the different components in a sample based 
on their retention time. A more polar component will be attracted more strongly to the 
polar silica than the solvent mixture, hence it will stay on the silica and travel less through 
the silica plate (giving a high retention time), whilst a less polar compound will be more 
attracted to the solvent mixture than to the silica, hence it will travel with the solvent 
through the silica (giving a lower retention time).  
TLC is excellent for small quantity samples. Samples are applied to precoated silica gel 
plates and left to dry before being placed in a chamber containing a solvent mixture 
mobile phase to allow components to separate. It is also used as a small-scale pre-test to 
analyse extent of reaction or determine the best solvent mixture for a normal phase 
column or flash chromatography90. It is often advised that a mobile phase with an Rf 
value of 0.35 by TLC for the desired compound is selected to allow good separation in 
the normal phase and flash chromatography91. Rf value is the ratio of the distance 
travelled by the components in a compound to the distance travelled by the solvent (also 
known as the solvent front).    
FCC is very similar to the traditional normal phase chromatography, and only differs in 
that it uses a shorter column and applies pressure to facilitate the elution and separation 
of the components over the stationary phase (packed silica gel). This improves the 
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chromatography resolution and reduces time taken for sample separation92. It is a faster 
method of separating components, unlike traditional column chromatography which 
takes a longer separation time particularly on a larger scale separation. The traditional 
method also suffers from the deteriorated resolution as the compound bands tend to ‘tail’ 
as they move very slowly down the column93.The column can be prepared by adding the 
silica as a dry powder (dry loading) or as a slurry mixture (wet loading) before flushing 
out the eluent mixture several times to ensure a good silica packing.  Flash 
chromatography is a modification of conventional (gravitational) column 
chromatography. It uses a shorter column and air pressure to force the solvents through 
the packed silica.  
3.3.3.5 Liquid Chromatography-Mass Spectrometry (LC-MS) 
Coupling MS to a chromatographic technique is attractive due to the sensitive and highly 
specific nature of MS in comparison to other chromatogram detectors94. Mass 
spectrometers via Electrospray Ionisation (ESI) operate by introducing the analyte 
molecules as charged (ionised) droplets and separate the ions (and any fragment ions 
produced during the ionization) according to their mass/charge (m/z) ratio by mass 
analyser. Liquid chromatography works in a similar manner to the thin layer 
chromatography and flash column chromatography. In liquid chromatography, the 
components in the sample are separated based on their interactions with the stationary 
and mobile phase. The composition of the mobile phase is usually changed during 
separation run so as to alter the strengths of the interaction of the compounds of interest. 
Each compounds then elutes from the column in a particular order depending on the 
relative strengths of its interaction with the stationary and the mobile phase.  
3.3.3.6 Differential Scanning Calorimetry (DSC) 
A DSC analyser measures heat flow that occurs as a sample is heated, cooled or held 
isothermally, as a function of temperature and time. The big advantage of this technique 
is it requires a small sample size of a few miligrams95 with very little or no preparation 
prior measurements3 and accepts samples of any form (film, powder, granules or 
fibre)95,96.  
Figure 29 shows the schematic representation of a DSC. When the furnace is heated, heat 
flows through the disk to the sample and the sample reference. In the case of thermal 
symmetry (TS = TR), equally high heat flow rates flow into sample and reference sample, 
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ΦFS = ΦFR. During a phase change, heat is absorbed or emitted by the sample, changing 
the heat flux through the sensitive plate. The change in the heat flux is proportional to 
the temperature difference therefore the variation in heat flux results an incremental 
temperature difference to be measured between the sample vessel and the reference 
vessel (Equation 8)96. 
ΦFS – ΦFR ~ -ΔT  (ΔT = TS – TR) Equation 8  
 
Figure 29 Schematic representation of a DSC apparatus. 1 – disk, 2 – furnace, 3 – lid, 
4- differential thermocouple(s), 5 – programmer and controller, S – sample 
vessel, R – reference vessel, ΦFS – heat flow rate from furnace to sample 
vessel, ΦFR - heat flow rate from furnace to reference sample vessel, ΦM – 
measured heat flow rate, K – calibration factor97. 
3.3.3.7 Thermogravimetric Analysis (TGA)  
TGA examines the mass change of a sample as a function of temperature and time. This 
technique captures some very important thermal events that bring a change in the mass 
of the sample which includes decomposition. TGA records two useful pieces of 
information: the initial decomposition temperature of a material (the temperature at 
which mass loss begins) and the char yield of the material which typically refers to the 
residual weight remaining at 800 oC under a specific atmosphere. TGA can be performed 
under a variety of atmospheric conditions including N2, Ar, H2, O2
96. Derivative curves 
of a TGA thermogram are very useful in understanding the stages in polymer 
degradation. 
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3.3.4 Synthesis procedures 
The BA-apa benzoxazine monomers were synthesised using two synthetic routes while 
BO-ba and 22BZ-apa were synthesised only via the solvent-free route.   
3.3.4.1 Solvent selection for standard synthesis method 
Ishida et al. emphasised in their work the importance of correct solvent selection in the 
standard synthesis method98. They found that a higher polarity solvent facilitates the 
reaction between the benzoxazine structures and the free phenol structures, thus 
increasing the chance of forming oligomeric (and dimeric) products. This will reduce the 
amount of benzoxazine ring present at the end of the reaction. Methanol, ethanol, 
tetrahydrofuran (THF) and dioxane were tested. Methanol and ethanol formed a 
precursor with a crosslinked network while most of the precursor was found to be dimers 
and oligomers in THF. Dioxane on the other hand is excellent in forming bifunctionally 
terminated benzoxazine monomers and produces them with a higher % ring 
composition98.  Dioxane is therefore the best choice of solvent. 
3.3.4.2 Synthesis of BA-apa [6,6'-(propane-2,2-diyl)bis[3-(3-ethynylphenyl)-3,4-
dihydro-2H-1,3-benzoxazine]. 
Solvent-free route 
Paraformaldehyde (0.75 g, 25.0 mmol), 3-ethynylaniline (0.172 g, 1.47 mmol) and 
bisphenol A (2.51 g, 11.0 mmol) were placed in a 50 ml round bottom flask which was 
magnetically stirred and heated at reflux for 15 minutes. The presence of unreacted 
bisphenol A was monitored using 1H NMR and the washing steps using 3N NaOH and 
water were repeated a few times until all unreacted bisphenol A was removed. The 
precursor appeared as a white opaque paste and hardened into a solid when cooled. (Yield 
= 2.14 g, 88%) 
Elemental Analysis Calculated for C35H30N2O2, C 82.33 %, H 5.92%, N 5.49 %. Found 
C 76.99 %, C 5.68 %, N 5.09 %.  
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Figure 30 The proton assignment of BA-apa [6,6'-(propane-2,2-diyl)bis[3-(3-
ethynylphenyl)-3,4-dihydro-2H-1,3-benzoxazine]. 
FT-IR (cm-1) 3284 (m, alkyne C-H stretch), 2965, 2926, 2854 (w, aliphatic C-H stretch), 
1366 (m, tertiary amine C-N-C stretch),, 1233, (s, C-O-C asym. stretch), 952 (s, C-H wag 
on trisubstituted benzene). 
1H NMR (400 MHz, DMSO-d6, ppm from TMS): δ 1.53 (s, 6H, CH3), 4.13 (s, 2H, 
C≡C-H), 4.63 (s, 4H, H5), 5.41 (s, 4H, H6), 6.63 (d, 2H, H4), 6.88 (d, 2H, H3), 6.98 (m, 
2H, H7), 7.16 – 7.26 (m, 2H, H2).  
13C NMR (100 MHz, DMSO-d6, ppm from TMS): δ 30.68 (C2), 41.25 (C1), 49.16 
(C6), 77.83 (C13), 79.16 (15), 83.77 (C12), 114.63 (C8), 115.78 (C17), 119.79 (C14), 
122.44 (C11), 123.58 (C10), 124.64 (C18), 126.09 (C4), 127.29 (C5), 129.50 (C9), 
142.59 (C3), 147.94 (C7), 151.58 (C16).   
Standard synthetic route 
3-Ethynylaniline (2.43 g, 20.7 mmol) was dissolved in 1,4-dioxane (40 ml) in a 100 ml 
round bottomed flask and cooled in an ice bath. Paraformaldehyde (3.00 g, 99.9 mmol) 
was then added in portions with magnetic stirring over 10 minutes, followed by the 
addition of bisphenol A (2.28 g, 9.99 mmol). The flask equipped with a thermometer and 
condenser was placed on a heating mantle and the mixture heated at reflux for 24 hours. 
The solvent was then removed under vacuum and the resulting viscous liquid was 
dissolved in chloroform (50 ml). The solution was then washed three times with 3N 
NaOH to eliminate unreacted bisphenol A. It was then rinsed several times with water to 
remove any remaining NaOH in the solution and was left to dry over sodium sulphate 
for a few hours. After filtration, the chloroform was removed using a rotary evaporator. 
The presence of unreacted bisphenol A was monitored using 1H NMR and the washing 
steps using 3N NaOH and water were repeated a few times until all unreacted bisphenol 
A was removed. A dark red solid was formed upon chloroform removal. (Yield = 2.35 g, 
5%) 
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Elemental Analysis Calculated for C35H30N2O2, C 82.33 %, H 5.92%, N 5.49 %. Found 
C 70.04 %, H 4.86 %, N 4.80 %. 
 
Figure 31 The proton assignments of BA-apa (6,6'-(propane-2,2-diyl)bis[3-(3-
ethynylphenyl)-3,4-dihydro-2H-1,3-benzoxazine]. 
FT-IR (cm-1) 3293 (m, alkyne C-H stretch), 3065, 3012 (w, Ar-H stretch), 2106 (w, C≡C 
stretch), 1366 (m, tertiary amine C-N-C stretch), 1217 (s, C-O-C asym. stretch), 953 (s, 
C-H wag on trisubstituted benzene). 
1H NMR (400MHz, CDCl3, ppm from TMS): δ 1.61 (s, 6H, H1), 3.05 (s, 2H, H11), 4.58 
(s, 2H, H5), 5.32 (s, 2H, H6), 6.73-7.22 (m, 14H, H2-4, 7-10).  
3.3.4.3 Synthesis of BO-ba [6,6'-oxybis(3-benzyl-3,4-dihydro-2H-1,3-benzoxazine] 
Solvent-free synthesis 
A similar method to the solvent-free synthesis of BA-apa, given above, was adopted but 
using the following reagents: paraformaldehyde (2.90 g, 88 mmol), benzylamine (4.61 
g, 43 mmol) and 4,4'-oxydiphenol (4.51 g, 22 mmol). A yield of 8.05 g (81%) was 
obtained as a white solid after grinding. 
Elemental Analysis Calculated for C30H28N2O3, C 77.56 %, H 6.08 %, N 6.03%. Found 
C 76.32 %, C 6.33 %, N 5.92 %. 
 
Figure 32 The proton assignments of BO-ba (6,6'-oxybis(3-benzyl-3,4-dihydro-2H-
1,3-benzoxazine). 
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FT-IR (cm-1) 3056, 3032 (w, Ar-H stretch), 2946, 2899, 2850 (w, aliphatic C-H stretch),  
1245 (s, C-O-C assym. stretch), 1142, 1122 (m, C-N-C asym. stretch), 926 (s, C-H wag 
on trisubstituted benzene). 
1H NMR (400MHz, CDCl3, ppm from TMS): δ 3.91 (s, 8H, H4, 6), 4.84 (s, 4H, H5), 
6.56 (s, 2H, H1), 6.78 (m, 4H, H2,3), 7.25-7.36 (m, 10H, H7-11).  
13C NMR (100MHz, CDCl3, ppm from TMS): δ 49.77 (C8), 55.58 (C9), 82.19 (C7), 
116.20 (C3), 117.29 (C2), 118.23 (C6), 120.84 (C5), 127.41 (C13), 128.45 (C12), 128.94 
(C11), 138.03 (C10), 149.7 (C1), 151.21 (C4).  
3.3.4.4 22BZ-apa (3-Benzyl-6-(3,4-dihydro-2H-benzo[e][1,3]oxazine-6-yloxy)-3,4-
dihydro-2H-benzo[e][1,3]oxazine) 
Solvent-free synthesis 
A similar method to the solvent-free synthesis of BA-apa, given above, was adopted but 
using the following reagents: paraformaldehyde (1.500 g, 50 mmol), 3-ethynylamine 
(2.343 g, 20 mmol) and 2,2’-dihydrobenzophenone (2.141 g, 10 mmol). A yield of 3.95 
g (84%) was obtained as a dark brown solid after grinding. 
 
Figure 33 The structure of 22BZ-apa (3-Phenylethyne-6-(3,4-dihydro-2H-
benzo[e][1,3]oxazine-6-yl-2,2’-benzophenone)-3,4-dihydro-2H-
benzo[e][1,3]oxazine). 
There is no FT-IR, 1H NMR and 13C NMR characterisation details included for this 
material as the monomer separation was found unsuccessful.   
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CHAPTER 4 
 
Development of QSPR Models for 
Predicting the Char Yield of 
Polybenzoxazines 
 
4.1 Introduction 
The development of a Quantitative Structure-Properties Relationship (QSPR) model for 
the char yield of polybenzoxazines will be explained in detail in this chapter. Starting 
from reproducing work from a previous study, the changes and modification from one 
model to the next will be elaborated, until it is finally ready to go on to a series of model 
validations to statistically prove its robustness for prediction on a new material. A study 
on the possible errors in different data groups are also included in this chapter to give an 
idea on the nature of the data used in this work. 
Molecular Operating Environment (MOE)81 was used to run the calculation and develop 
each model in this work. Although this software is specifically built for drug discovery 
and biomedical applications, some descriptors are more general and can be applied to 
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predict polymer properties. We try to make use of the available descriptors and build a 
reliable QSPR model for polybenzoxazines. The data obtained from each chosen 
descriptor relative to each data point in the training set was analysed using the partial 
least square (PLS) regression method (which was done in-situ) to form the best linear 
equation for the model, which then was used to calculate the predicted char yield for each 
data point.  
4.2 Choosing the Dataset 
The training data set used in this research was taken from the Handbook of Benzoxazine 
Resins74. The data set consists of thirty-three benzoxazine monomers and their recorded 
percentage char yields as polybenzoxazines reported in various sources. The list of the 
monomers in the data set is shown in Table 8 and their general structures are shown in 
Figure 34. It contains various structures of benzoxazines including acetylene-based 
benzoxazines, aniline-based benzoxazines, aliphatic benzoxazines, benzoxazines 
containing phenylphosphine oxide, monofunctional benzoxazines and benzoxazines with 
fused-ring bridges. The full structures of each material are given in the Appendix A. 
Table 8 List of % char yield of thirty-three benzoxazines monomers. 
No. Materials Char yield (%) No. Materials Char yield (%) 
1 HQ-apa 8199 18 MIB-a 56100 
2 BZ-apa 8099 19 BPPPO-a 51101 
3 PH-apa 7974, (81)99  20 BHPPO-m 48101 
4 TP-apa 7999 21 TrisP-a 4760 
5 BF-apa 7899 22 BHPPO-a 4674, (41)101  
6 BS-apa 7899  23 22P-a  4578 
7 NP-apa 7699 24 HQ-a 4460 
8 BPPPO-ea 76101 25 P-ad2 41102 
9 BO-apa 7599 26 P-ad4 32102 
10 BA-apa 7499 27 BA-a 32 65,99 
11 BP-apa 7399 28 BPPPO-m 30101 
12 BAF-apa 7199 29 PC-a 2060  
13 15N-a 7160 30 P-ad6 19102 
14 4,4'O-a 6578 31 P-ad8 13102 
15 BHPPO-ea 64101 32 P-ad12 6102 
16 BAF-a 5774  33 NOB-a 58100 
17 TP-a 5760    
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Figure 34 The general structure of some of the benzoxazines in the training set. 
Since the data set is termed secondary data as it originates from a variety of sources, it is 
expected to contain significant errors as it was reported by different teams from various 
places, using potentially different methods. This fact was supported by a set of compiled 
data from the literature that shows the errors from secondary data measurements can be 
up to 14 % (Table 9). For instance, the data set in Table 9 consists of six measurements 
of the percentage char yield on the polybenzoxazine formed from bisphenol A and aniline 
(BA-a) reported by different research groups and collected from different articles from 
the literature.  
Table 9 Experimental error of six BA-a char yield measurements conducted at 
different temperatures and heating rates. 
Temp. 
(oC) 
Heating 
rate 
(K/min) 
Measured 
char yield 
(%), 𝒚𝒄 
Mean, 
?̅?𝒄 
Difference 
error, 
 𝒚𝒄 − ?̅?𝒄 
Average 
difference 
error 
Percentage 
error (%) 
Average 
percentage 
error (%) 
800 
20 24.30 103 
28.72 
4.42 
4.06 
18.19 
14.00 
20 32.00 99 3.28 10.25 
10 35.60 104 6.88 19.33 
10 25.70 105 3.02 11.75 
900 20 26.00 106 2.72 10.46 
 
Actual experimental errors in determining char yield vary greatly depending on the exact 
conditions of the experiment, so in order to set a consistent criterion for assessing the 
calculated data, an arbitrary threshold of 10 % was set. Based on Table 9, the percentage 
error associated with the data set is 14.00 %, exceeds the 10 % error by 4 %. However, 
it is believed that the significantly high error in the measurements is due to the different 
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parameters that were used in the measurements (e.g. different temperature and different 
heating rate). There are also other potential parameters that might contribute to the large 
errors in the measurements such as different sample size used, the different thickness and 
shape of the crucibles and the physical condition of the sample, either bulk or powder107.  
As the degrees of freedom were reduced, it was found that the percentage error in the 
measurements was also reduced. This statement is supported by the data set in Table 10, 
which combines experimental data for the percentage char yield of the same material, 
BA-a measured at 800 oC with an experimental heating rate of 10 K/min. It shows that 
by keeping these two parameters constant, the experimental error was greatly reduced 
from 14 % to only 10.48 % as well as the difference error which also reduced from 4.06 
to 3.12.  
Table 10 Experimental error of six BA-a char yield measurements reported at the 
same temperature (800oC) and heating rate (10 K/min). 
Temp. 
(oC) 
Measured 
char yield 
(%), 𝒚𝒄 
Mean, ?̅?𝒄 
Difference 
error, 
 𝒚𝒄 − ?̅?𝒄 
Average 
difference 
error 
Percentage 
error (%) 
Average 
percentage 
error (%) 
800 
26.62 108 
27.78 
1.16 
3.12 
4.36 
10.48 
25.00 109 2.78 11.12 
26.00 33 1.78 6.85 
35.60 104 7.82 21.97 
25.70 105 2.08 8.09 
 
Table 9 and Table 10 are examples of a secondary data. To compare the quality of 
secondary data to primary data, a series of measurements are made on the same material 
and reported by a ‘single’ group (within this department). All parameters were kept 
constant as much as possible; the same temperature (800 oC), heating rate (10 K/min) 
and method, including the experimental apparatus. It was found that the measurement 
readings are very consistent with a very small experimental percentage error which is 
only 2.26 % compared to 10.48 % from the data set from Table 10 and great improvement 
in the difference error from 3.12 to 0.58.  
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Table 11 Experimental error of three BA-a char yield measurements done by a 
‘single’ group study. 
Temp. 
(oC) 
Measured 
char yield 
(%), 𝒚𝒄 
Mean, ?̅?𝒄 
Difference 
error, 
 𝒚𝒄 − ?̅?𝒄 
Average 
difference 
error 
Percentage 
error (%) 
Average 
percentage 
error (%) 
800 
26.62 108 
25.87 
0.75 
0.58 
2.80 
2.26 25.00 109 0.87 3.49 
26.00 33 0.13 0.49 
 
Since secondary data was used as the training set for the current project, it is therefore to 
be expected that the percentage error in this work will be of the order of 10 % to 14 % 
and the difference error of between 4.06 and 3.12.  
4.3 Stages in QSPR Model Development 
The training set used in this work covers polybenzoxazines (PBz) with percentage char 
yield ranging from 6 % (P-ad12) to 81 % (HQ-apa). The lowest percentage was recorded 
for a PBz with the longest carbon-backbone chain which is the P-ad12 whereas the 
highest percentage of char yield was a polymer with a bulky carbon ring which is HQ-
apa. All of the molecular structures of the benzoxazines in the training set were checked 
through a conformational search and the conformations with the lowest energy were used 
in this work as it is known to be the most preferred and relaxed conformation compared 
to the others. The PLS statistical method was used in order to predict the char yield for 
this training set.  
4.3.1 QSPR Model 1 
In this initial work, the previous studies were used as the reference to confirm the quality 
and the accuracy of the molecular structures drawn in the current project. It is very 
important to use the correct structures that are as accurate as possible as most of the 
descriptors assume that the molecules are drawn correctly. No alteration will be carried 
out by the program, except to add hydrogen where necessary to achieve neutrality. It was 
found that there were ten descriptors that are very important for giving a good linear 
model for this data set with a coefficient of determination of 0.95. Table 12 shows the 
linear equation generated and the list of ten descriptors that influences the model. In 
QSPR study, the descriptors play a major role in describing the property and identifying 
the relationships that will correlate to one another in the linear model equation33. The 
descriptors were then used to calculate and produce prediction data for the data set. It 
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was found that the prediction data produced in this initial work are consistent with the 
previous work33 (presented in Table 13) with R2 value of 0.95 and Root Mean Square 
Error (RMSE) of 4.57.  
Table 12 The generated linear model equation and the relative importance of 
descriptors. 
Percentage char yield = 
-113.89 + (7.08 * b_rotN) – (3.37 * lip_violation) + (1.26* logP(o/w)) – (9.90 * opr_nrot) 
– (0.30 * PEOE_VSA-2) – (0.34 * PEOE_VSA-3) + (89.49 * petitjeanSC) + (156.35 * 
Q_VSA_FNEG) + (0.64 * SMR_VSA6) – (1.03 * std_dim2) 
Relative 
importance 
Descriptors’ 
Abbreviations 
Description110 
1.00 opr_nrot Rotatable Bond Count111 
0.66 b_rotN Number of rotatable bonds 
0.57 SMR_VSA6 
Sum of vi (approximate accessible Van der Waals 
surface area) such that Ri (atoms with Molar 
Refractivity as calculated in 112 is in (0.485, 0.560). 
0.55 Q_VSA_FNEG 
Fractional negative van der Waals surface area. This is 
the sum of the vi (approximate accessible Van der 
Waals surface area) such that qi (the partial charge of 
atom i) is negative divided by the total surface area. The 
vi are calculated using a connection table 
approximation. 
0.26 PEOE_VSA-2 
Van der Waals surface area (Å2), vi of atom i where 
partial charge of atom i, qi is in the range [-0.15, -0.10). 
0.20 petitjeanSC (diameter – radius) / radius 
0.20 PEOE_VSA-3 
Van der Waals surface area (Å2), vi of atom i where 
partial charge of atom i, qi is in the range [-0.20, -0.15). 
0.09 lip_violation The number of violations of Lipinski’s Rule of Five 
0.09 logP(o/w) Log octanol/water partition coefficient 
0.03 std_dim2 
Standard dimension 2: the square root of the second 
largest eigenvalue of the covariance matrix of the 
atomic coordinates. 
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Table 13 Prediction data for the initial work and the calculated errors. 
Materials 
Previous study’s 
predicted data33 (%) 
Predicted 
data (%) 
% 
error 
Average 
% error 
Difference 
error 
Average 
error 
PH-apa 77.3 79.09 2.32 
10.35 
1.79 
3.93 
BF-apa 77.7 71.31 8.23 6.39 
TP-apa 76.1 71.95 5.46 4.15 
BZ-apa 82 76.36 6.87 5.64 
HQ-apa 78.6 75.52 3.92 3.08 
BS-apa 76.5 73.11 4.43 3.39 
BA-a 39 44.46 13.99 5.46 
BAF-a 54.3 50.61 6.80 3.69 
HQ-a 45.1 42.34 6.13 2.76 
TP-a 54.5 55.08 1.07 0.58 
NP-apa 78.9 86.07 9.09 7.17 
BA-apa 71.1 70.42 0.96 0.68 
BP-apa 75.1 75.18 0.10 0.08 
BAF-apa 73.7 77.39 5.01 3.69 
BO-apa 78.2 78.85 0.83 0.65 
PC-a 25.1 30.82 22.78 5.72 
15N-a 67.9 64.37 5.20 3.53 
TrisP-a 45.5 48.56 6.73 3.06 
22P-a 47.5 45.15 4.95 2.35 
4,4'O-a 65.1 57.19 12.16 7.91 
P-ad2 43.9 42.33 3.57 1.57 
P-ad4 31.2 33.75 8.17 2.55 
P-ad6 20.1 25.81 28.40 5.71 
P-ad8 13.5 15.28 13.16 1.78 
P-ad12 5.6 1.48 73.62 4.12 
MIB-a 54.5 48.81 10.44 5.69 
BHPPO-a 47.2 56.45 19.59 9.25 
BHPPO-m 45.7 41.25 9.74 4.45 
BHPPO-ea 66.6 75.87 13.92 9.27 
BPPPO-a 53.4 49.96 6.44 3.44 
BPPPO-m 30.7 35.28 14.92 4.58 
BPPPO-ea 73.3 74.93 2.22 1.63 
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Both prediction data are consistent with the experimental data, with benzoxazines with 
long alkylene chain backbones tending to have lower char yields compared to monomers 
with bulky bridges. The range of predicted percentage char yields recorded lies between 
1.48 % (P-ad12) and 86.07 % (NP-apa). These values are slightly different from the 
values presented by the previous study33 but since the differences are small and 
insignificant, they can therefore be ignored. Although the average % error obtained is 
quite high (10.35 %), the data yield an acceptable average difference error of only 3.93.   
Based on this work, it can be concluded that the previous work has been successfully 
reproduced although they were not identical based on the good value of coefficient of 
determination of 0.95 with RMSE of 4.57. The value of R2 shows that there is a 
significant agreement and correlation between the data generated in this work with those 
produced by the previous study33. This process was then repeated using literature values 
to obtain another set of predicted values using the same method. The results will be 
discussed in detailed in the next section. 
4.3.2 QSPR Model 2 
In this section, a new predictive model was generated based on the experimental data 
obtained from the Handbook of Benzoxazines74. From the thirty-three data points, one of 
the data points, which is NOB-a was left out to be used as an independent validation test 
and the remaining thirty-two benzoxazines were used in the training set. NOB-a was 
purposely chosen to be used in the validation test because it is the only benzoxazine with 
nadimide bridge and has the most unique structure among other benzoxazines. 
 
Figure 35 Structure of NOB-a, with nadimide functional group highlighted in red. 
The same steps as in the previous section were repeated to generate the model. The linear 
model equation and the relative importance of descriptors are presented in Table 14. The 
two descriptors with the two highest relative importance remain the Oprea Rotatable 
Bond Count (opr_nrot) with 100 % importance and the Number of rotatable bonds 
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(b_rotN) with 70 % importance (compared to 66 % importance in QSPR Model 1). The 
least important descriptor also remains the same (the standard dimension 2 Å (std_dim2) 
with 0.03 importance).  
The prediction data in Table 15 were calculated in-silico using descriptors in the table 
above. The errors between the prediction data and the experimental data were calculated 
manually using Microsoft Excel.   
Table 14 The linear model equation produced from the model and the relative 
importance from each descriptor. 
Percentage char yield =  
-125.00 + (7.79 * b_rotN) - (5.34 * lip_violation) + (1.09 * logP(o/w))  
- (10.22 * opr_nrot) – (0.35 * PEOE_VSA-2) – (0.34 * PEOE_VSA-3) + (96.27 * 
petitjeanSC) + (167.03 * Q_VSA_FNEG) + (0.67 * SMR_VSA6) – (1.18 * std_dim2) 
Relative 
importance 
Descriptors’ 
Abbreviations 
Description110 
1.00 opr_nrot Rotatable Bond Count111. 
0.70 b_rotN Number of rotatable bonds. 
0.67 SMR_VSA6 
Sum of vi (approximate accessible Van der Waals 
surface area) such that Ri (atoms with Molar 
Refractivity as calculated in 112is in (0.485, 0.560). 
0.57 Q_VSA_FNEG 
Fractional negative van der Waals surface area. This 
is the sum of the vi (approximate accessible Van der 
Waals surface area) such that qi (the partial charge of 
atom i) is negative divided by the total surface area. 
The vi are calculated using a connection table 
approximation. 
0.300 PEOE_VSA-2 
Van der Waals surface area (Å2), vi of atom i where 
partial charge of atom i, qi is in the range [-0.15, -
0.10). 
0.20 petitjeanSC (diameter – radius) / radius 
0.20 PEOE_VSA-3 
Van der Waals surface area (Å2), vi of atom i where 
partial charge of atom i, qi is in the range [-0.20, -
0.15). 
0.14 lip_violation The number of violations of Lipinski’s Rule of Five. 
0.08 logP(o/w) Log octanol/water partition coefficient. 
0.03 std_dim2 
Standard dimension 2: the square root of the second 
largest eigenvalue of the covariance matrix of the 
atomic coordinates. 
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Table 15 The prediction data, calculated average error and average percentage error 
for QSPR Model 2. 
Materials 
Experimental 
data (%) 
Predicted 
data (%) 
Difference 
error 
Average 
error 
% error 
Average % 
error 
HQ-apa 81.00 76.16 4.84 
5.27 
5.98 
14.58 
BZ-apa 80.00 76.46 3.54 4.42 
PH-apa 79.00 80.79 1.79 2.26 
TP-apa 79.00 69.32 9.68 12.25 
BF-apa 78.00 70.67 7.33 9.39 
BS-apa 76.00 70.91 5.09 6.70 
NP-apa 78.00 84.92 6.92 8.87 
BPPPO-ea 76.00 74.90 1.10 1.44 
BO-apa 75.00 79.60 4.60 6.14 
BA-apa 74.00 68.33 5.67 7.67 
BP-apa 73.00 74.46 1.46 2.01 
BAF-apa 71.00 77.58 6.58 9.27 
15N-a 71.00 63.33 7.67 10.81 
4,4'O-a 65.00 56.19 8.81 13.55 
BHPPO-ea 64.00 80.79 16.79 26.23 
BAF-a 57.00 50.42 6.58 11.54 
TP-a 57.00 54.94 2.06 3.62 
MIB-a 56.00 49.66 6.34 11.32 
BPPPO-a 51.00 50.14 0.86 1.69 
BHPPO-m 48.00 41.39 6.61 13.77 
TrisP-a 47.00 45.78 1.22 2.60 
BHPPO-a 46.00 54.32 8.32 18.10 
22P-a 45.00 44.35 0.65 1.45 
HQ-a 44.00 42.56 1.44 3.27 
P-ad2 41.00 43.52 2.52 6.15 
BA-a 32.00 33.73 1.73 5.41 
P-ad4 32.00 43.84 11.84 37.01 
BPPPO-m 30.00 34.12 4.12 13.73 
PC-a 20.00 29.77 9.77 48.86 
P-ad6 19.00 26.00 7.00 36.86 
P-ad8 13.00 13.91 0.91 7.02 
P-ad12 6.00 1.12 4.88 81.27 
 
This model shows a slightly lower correlation between the predicted data and the 
experimental data when referring to the R2 value generated (0.90 compared to the 0.95 
correlation in the QSPR Model 1). The average difference error and the average 
percentage error for this model were found to be 5.27 and 14.58 %, a significant change 
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from 3.93 and 10.35 % respectively in the previous model. Figure 36 shows the 
correlation between the experimental data and the predicted data for QSPR Model 2. 
 
Figure 36 Correlation graph of predicted char yield vs. experimental char yield of 
QSPR Model 2. 
4.3.2.1 Validation of QSPR Model 2 
NOB-a was used for the validation test with an actual percentage char yield of 58 % and 
the prediction value generated by the model was 42.22 %. There is a difference error of 
15.79 % and % error of 27.21 % between the actual value and the predicted value (Table 
16). 
Table 16 Difference error and percentage error in the QSPR Model 2 validation test. 
Model 
Experimental 
char yield (%) 
Predicted char 
yield (%) 
Difference error % error 
QSPR Model 2 58.00 42.22 15.78 27.21 
 
The difference error of 15.17 and percentage error of 27.21 % are considered too large 
by taking into account the expected 14 % experimental percentage error and 4.06 
difference error in the secondary data as discussed in detail in Section 4.2.  
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It was observed that the material used for the validation test (NOB-a) has a special 
functional group of a nadimide, which does not appear in any of other materials in the 
training set (Appendix A). It can therefore be assumed that the high % error in predicted 
values in this model might be due to the limitations in the model as it is not yet capable 
of making predictions for materials with unusual structures. In addition to that, the 
presence of the nadimide functional group in NOB-a makes the molecule more restricted 
and therefore reduces the flexibility and the degrees of freedom in the structure. Since it 
has a bridged structure (Figure 35), there is a potential for competition between the exo 
(thermodynamically stable) and the endo (kinetically stable) isomers of NOB-a. 
Although the most preferred conformation is the one with the lowest energy (endo), there 
is always the potential of the fused ring to form a more relatively ‘easy’ kinetically stable 
exo face with the neighbouring ring. Therefore, the large errors in the validation test 
might also be due to a dramatic change in the conformation (and the energy level) of 
NOB-a. 
To test the model further, QSPR Model 3 was produced by altering the training data by 
adding the NOB-a into the training set and taking out a more common benzoxazine 
structure for the validation set.  
4.3.3 QSPR Model 3 
The QSPR Model 3 was based on the modification from the QSPR Model 2 in which the 
sample NOB-a previously used in the validation set was added into the training set and 
one of the samples in the training set (22P-a) was picked out to be used as an independent 
validation set. Figure 37 shows the 2D structures of both NOB-a and 22P-a. 22P-a has a 
more common structure with the molecules in the data set and it has a more flexible 
structure compared to NOB-a. Table 17 shows the linear model equation generated from 
 CHAPTER 4: Development of QSPR Models for Predicting the Char Yield of 
Polybenzoxazines 
 
65 
 
descriptors (with a R2 value of 0.88) and the relative importance of each descriptor that 
contributed to the equation. 
     
Figure 37 2D structures of NOB-a (left) and 22P-a (right). 
It was noticed that replacing one of the data points in the training set does not result in 
any major changes in the generated linear equation and the relative importance of the 
descriptors. Opr_nrot and b_rotN remain as the two most important descriptors (100 % 
and 72 % respectively) and std_dim2 remains as the least important descriptor with 
relative importance of 0.02 %. The linear model equation was then used to calculate the 
prediction data for the new training set Table 18. 
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Table 17 The linear model equation and the descriptors’ relative importance. 
Percentage char yield =  
-113.98 + (8.34 * b_rotN) – (5.23 * lip_violation) + (0.54 * logP(o/w)) – (10.48 * 
opr_nrot) – (0.31 * PEOE_VSA-2) – (0.34 * PEOE_VSA-3) + (87.69 * petitjeanSC) 
+ (170.24 * Q_VSA_FNEG) + (0.62 * SMR_VSA6) – (0.70 * std_dim2) 
Relative 
importance 
Descriptors’ 
Abbreviations 
Description110 
1.00 opr_nrot Rotatable Bond Count based on 111. 
0.72 b_rotN Number of rotatable bonds. 
0.60 SMR_VSA6 
Sum of vi (approximate accessible Van der Waals 
surface area) such that Ri (atoms with Molar 
Refractivity as calculated in 112 is in (0.485, 0.560). 
0.56 Q_VSA_FNEG 
Fractional negative van der Waals surface area. This 
is the sum of the vi (approximate accessible Van der 
Waals surface area) such that qi (the partial charge of 
atom i) is negative divided by the total surface area. 
The vi are calculated using a connection table 
approximation. 
0.25 PEOE_VSA-2 
Van der Waals surface area (Å2), vi of atom i where 
partial charge of atom i, qi is in the range [-0.15, -
0.10). 
0.18 petitjeanSC (diameter – radius) / radius 
0.19 PEOE_VSA-3 
Van der Waals surface area (Å2), vi of atom i where 
partial charge of atom i, qi is in the range [-0.20, -
0.15). 
0.14 lip_violation The number of violations of Lipinski’s Rule of Five 
0.04 logP(o/w) Log octanol/water partition coefficient 
0.20 std_dim2 
Standard dimension 2: the square root of the second 
largest eigenvalue of the covariance matrix of the 
atomic coordinates. 
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Table 18 The prediction char yield data, calculated average error and average % 
error for QSPR Model 3. 
Materials 
Experimental 
data (%) 
Predicted 
data (%) 
Difference 
error 
Average 
error 
% error 
Average % 
error 
HQ-apa 81.00 76.34 4.66 
5.77 
5.75 
14.58 
BZ-apa 80.00 76.63 3.37 4.21 
PH-apa 79.00 82.49 3.49 4.41 
TP-apa 79.00 69.74 9.26 11.72 
BF-apa 78.00 70.94 7.06 9.05 
BS-apa 76.00 74.32 1.68 2.22 
NP-apa 76.00 72.20 5.80 7.43 
BPPPO-ea 76.00 84.81 8.81 11.59 
BO-apa 75.00 78.96 3.96 5.28 
BA-apa 74.00 66.75 7.25 9.80 
BP-apa 73.00 74.38 1.38 1.89 
BAF-apa 71.00 77.15 6.15 8.66 
15N-a 71.00 64.24 6.76 9.52 
4,4'O-a 65.00 56.29 8.71 13.41 
BHPPO-ea 64.00 81.04 17.04 26.63 
NOB-a 58.00 45.63 12.37 21.33 
BAF-a 57.00 50.85 6.15 10.78 
TP-a 57.00 55.08 1.92 3.36 
MIB-a 56.00 53.15 2.85 5.08 
BPPPO-a 51.00 50.24 0.76 1.48 
BHPPO-m 48.00 42.74 5.26 10.96 
TrisP-a 47.00 43.56 3.44 7.31 
BHPPO-a 46.00 55.28 9.28 20.16 
HQ-a 44.00 43.49 0.51 1.16 
P-ad2 41.00 43.54 2.54 6.21 
BA-a 32.00 42.95 10.95 34.22 
P-ad4 32.00 34.18 2.18 6.82 
BPPPO-m 30.00 34.89 4.89 16.29 
PC-a 20.00 33.03 13.03 65.16 
P-ad6 19.00 26.41 7.41 39.00 
P-ad8 13.00 14.26 1.26 9.67 
P-ad12 6.00 1.44 4.56 76.01 
 
By using the descriptors, the model was able to successfully generate the prediction of 
char yield data with a coefficient of determination, R2 of 0.88. The R2 value shows a 
reasonable correlation between the actual char yields and the predicted char yields, 
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although the value of R2 is not as good as hoped (at least 0.95). It was also discovered 
that the R2 was slightly lower than the previous models (QSPR Model 2). 
The average difference error and the average % error for the training set were calculated 
and they were found to be 5.77 and 14.58 % respectively. The residue of the coefficient 
of determination (R2) is 12 % and gives a significant difference of 2.58 % when compared 
to the average percentage error (14.58 %). Figure 38 shows the relationship between the 
experimental data and the prediction data generated from the model.  
 
Figure 38 Correlation graph of predicted char yield vs. experimental char yield. 
The model generated was then tested further in a validation test to see whether the model 
could still be used to give good predictions for other materials of the same system despite 
the lower R2.  
4.3.3.1 Validation of QSPR Model 3 
22P-a was chosen for the validation test and the structure of 22P-a was shown previously 
in Figure 37. The actual percentage yield for this material is 45 % and the prediction data 
generated by the linear model equation carried out in-silico is around 44.85 %. The 
percentage error of the material is 0.32 % while the difference error is 0.15.  
Table 19 Validation value and percentage error. 
Materials 
Experimental char 
yield (%) 
Predicted char 
yield (%) 
% error 
Difference 
error 
22P-a 45 44.85 0.32 0.15 
 
This value of percentage error is considered very small and this shows that although the 
R2 is less than 95 % and the average percentage error in the previous data set is quite big, 
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the model can still give a good predicted value for the chosen material. This is a very 
interesting finding as the validation data confirmed that the model is capable of predicting 
the percentage char yields of a benzoxazine with common structure despite the large 
prediction error in the training set and R2 being less than 95 %. However, the model is 
not yet powerful enough to carry out a prediction on a benzoxazine with an unfamiliar 
functional group as shown in Section 4.3.2.1. The errors in the training set prediction will 
be discussed in more detail in the next section. 
4.3.3.2 Percentage Error and Difference Error in QSPR Model 3 
Section 4.2 has discussed in detail the quality of primary and secondary data. The 
comparison of % error of data sets with different degrees of freedom was discussed by 
presenting examples from the literature. Based on the discussion, the secondary data set, 
which contains % char yield measured at various parameters, possess an error of 14 % 
(Table 9) whereas a more controlled data set with two parameters kept constant possess 
a 10.48 % error (Table 10). Since the nature of the training set that was used in this study 
is similar to the one with the 14 % error (a secondary data set and the fact that the actual 
char yields from the Handbook of Benzoxazine Resins74 were collected using various 
parameters), it is therefore to be expected that the percentage error for current study 
would fall somewhere near 14 %. 
Based on the data from Table 18, it was found that the average percentage error of the 
model is quite large (14.58 %). This slightly exceeds the expected 14 % average 
percentage error. To have an overview on the percentage error of each material, a graph 
of actual char yield (with 10 % error bar) and predicted char yield were plotted in Figure 
39. A percentage error of 10 % was taken as a reference as generally experimental error 
will fall within this 10 % error. Figure 39 shows that there are thirteen benzoxazines 
whose predicted values exceed the 10 % error bars.  
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Figure 39 Actual char yield with 10% error bars and prediction char yield plotted 
together. Blue squares: Actual char yield; Red triangles: Predicted char 
yield (within 10% percentage error); Green diamonds: Predicted char yield 
(exceeds 10% percentage error). 
It needs to be emphasised that the percentage error parameter is greatly dependent on the 
value of the denominator and therefore, for the same difference error (predicted char 
yield - experimental char yield), the percentage error will appear higher for a sample with 
lower experimental char yield compared to the one with higher experimental char yield 
(Equation 9).  
Percentage error =
Difference error
Experimental char yield
 x 100   Equation 9  
To confirm this, Table 20 shows the thirteen benzoxazines in ascending percentage 
errors. A clear comparison can be made between BPPPO-m and P-ad12 where both of 
them were predicted quite close to their experimental values (with 4.89 and 4.56 
difference errors) but have significant difference in their percentage errors due to the very 
low 22P-a experimental char yield. The same also happens to few other benzoxazines 
and this indicates that the percentage error is not a good parameter to be considered when 
examining the prediction accuracy. Percentage error is a relative measurement therefore 
difference error and other statistical measurements need to be taken into consideration.   
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Table 20 List of the thirteen benzoxazines with percentage error more than 10 %. 
No Materials 
Experimental 
data (%) 
Predicted data 
(%) 
Percentage 
error (%) 
Difference 
error 
1 BAF-a 57.00 50.85 10.78 6.15 
2 BHPPO-m 48.00 42.74 10.96 5.26 
3 BPPPO-ea 76.00 84.81 11.59 8.81 
4 TP-apa 79.00 69.74 11.72 9.26 
5 4,4'O-a 65.00 56.29 13.41 8.71 
6 BPPPO-m 30.00 34.89 16.29 4.89 
7 BHPPO-a 46.00 55.28 20.16 9.28 
8 NOB-a 58.00 45.63 21.33 12.37 
9 BHPPO-ea 64.00 81.04 26.63 17.04 
10 BA-a 32.00 42.95 34.22 10.95 
11 P-ad6 19.00 26.41 39.00 7.41 
12 PC-a 20.00 33.03 65.16 13.03 
13 P-ad12 6.00 1.44 76.01 4.56 
 
4.3.4 QSPR Model 4 
Following the success of the QSPR Model 3 in the validation test, slight modifications 
have been made by taking the 22P-a (previously used in the validation test) into the 
training set. Therefore instead of thirty-two data points training set in previous models, 
this model now has an extra data point making it thirty-three data points all together. No 
material has been left out for the validation test as this model will undergo a much more 
detailed internal and external validation process, e.g. Leave-One-Out-Cross-Validation 
(LOOCV), Leave-Many-Out-Cross-Validation (LMOCV) and external validation which 
will be discussed in the next section.   
The number of descriptors in QSPR Model 4 have been hugely reduced to only five to 
avoid overfitting and over-estimated prediction during model validation. Interestingly, 
the model still keeps b_rotN as one of its descriptors with relative importance of 0.18, 
but the two most important descriptors in this model have changed into ASA- (water 
accessible surface area of partially negative atoms, Å2) and PC+ (total positive partial 
charge atoms) compared to the number of rotatable bonds (which represents structure 
flexibility) as in the previous models. Although the modification done on this model is 
small, it does give a significant effect on the model behaviour. Adding 22P-a into the 
training set was an attempt not to waste any data available on the training set during 
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model development. Having a larger data set helps to form a more robust and stable 
model for further model validation.  
Table 21 The linear model equation and the descriptors’ relative importance of 
QSPR Model 4. 
Percentage char yield =  
27.18 + (0.01 * vol) + (0.02 * VSA) – (1.72 * b_rotN) + (0.26 * ASA-) – (9.42 * PC+) 
Relative 
importance 
Descriptors’ 
Abbreviations 
Description110 
1.00 ASA- 
Water accessible surface area of all atoms with 
negative partial charge (strictly less than 0). 
0.55 PC+ Total positive partial charge. 
0.18 b_rotN Number of rotatable bonds 
0.07 VSA 
Van der Waals surface area. A polyhedral 
representation is used for each atom in calculation 
the surface area, Å2. 
0.04 vol  
Van der Waals volume calculated using a grid 
approximation (spacing 0.75), Å3. 
 
The descriptors were chosen intuitively based on the mechanism of action of molecules 
in a reaction in which the molecules surface area and structure flexibility are a few of key 
elements in facilitating interactions between the monomers to promote more 
crosslinking. Based on the equation, Van der Waals volume and surface area (represented 
by vol and VSA) as well as the water accessible subsurface area (denoted by ASA) are 
positively correlated to the char formation equation which suggests that molecules with 
larger volume and surface area are advantageous in producing more char. In contrast to 
that, the negatively correlated number of rotatable bonds indicates that a more flexible 
structure tends to form less char, which is expected as flexible structures tend to react 
easily during degradation. 
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Table 22 The prediction data, calculated average error and average percentage error 
for QSPR Model 4. 
Materials 
Experimental 
data (%) 
Prediction 
data (%) 
Difference 
error 
Average 
error 
% 
error 
Average 
% error 
HQ-apa 81 70.85 10.15 
8.37 
12.53 
20.00 
BZ-apa 80 77.42 2.58 3.23 
PH-apa 79 61.17 17.83 22.57 
TP-apa 79 62.11 16.89 21.38 
BF-apa 78 74.53 3.47 4.45 
BS-apa 76 65.40 10.60 13.95 
NP-apa 78 59.04 18.96 24.31 
BPPPO-ea 76 75.41 0.59 0.78 
BO-apa 75 78.33 3.33 4.44 
BA-apa 74 71.36 2.64 3.57 
BP-apa 73 80.94 7.94 10.88 
BAF-apa 71 80.13 9.13 12.86 
15N-a 71 81.87 10.87 15.31 
4,4'O-a 65 53.47 11.53 17.74 
BHPPO-ea 64 56.85 7.15 11.17 
NOB-a 58 47.78 10.22 17.62 
BAF-a 57 58.30 1.30 2.28 
TP-a 57 61.70 4.70 8.25 
MIB-a 56 55.01 0.99 1.77 
BPPPO-a 51 44.09 6.91 13.55 
BHPPO-m 48 34.69 13.31 27.73 
TrisP-a 47 54.07 7.07 15.04 
BHPPO-a 46 59.24 13.24 28.78 
22P-a 45 57.80 12.80 28.44 
HQ-a 44 48.59 4.59 10.43 
P-ad2 41 40.96 0.04 0.10 
BA-a 32 48.80 16.80 52.50 
P-ad4 32 26.70 5.30 16.56 
BPPPO-m 30 39.15 9.15 30.50 
PC-a 20 45.17 25.17 125.85 
P-ad6 19 22.18 3.18 16.74 
P-ad8 13 18.19 5.19 39.92 
P-ad12 6 8.69 2.69 44.83 
 
QSPR Model 1, 2, 3 and 4 were built by trying to form models with the best possible 
correlation coefficient, R2. However, the training set R2 only measures how well the 
model does in reproducing the response close to the training set16 and does not give any 
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indication of the predictive power of the model. It is always possible that a model with 
high R2 could not perform a reliable prediction when it comes to predicting a new 
compound. For a model to be accepted as predictive, it needs to undergo a series of 
validation tests to statistically confirm its stability and robustness. Although there is a 
possibility of PC-a being an outlier due to the very big prediction error (25.17 % more 
from its experimental values), it will stay in the training set as it is the only mono-
functional benzoxazine in the dataset and removing it from the training set will result in 
reducing the model’s versatility in recognising structural variety in benzoxazines.  Table 
23 shows the summary of the R2, average difference errors and average % errors of QSPR 
Model 1, 2, 3 and 4.   
Table 23 Simplified R2, average errors and average % errors obtained by each 
models. 
QSPR Model 1 2 3 4 
R2 0.95 0.90 0.88 0.75 
Average 
difference error 
3.93 5.27 5.77 8.37 
Average % 
error 
10.35 14.58 14.58 20.00 
 
4.4 Internal and External Validation 
4.4.1 Internal Validation 
4.4.1.1 Leave-One-Out-Cross-Validation (LOOCV) 
LOOCV is a common validation method used by many researchers in verifying a QSPR 
model. This method was done by taking out one data point from the training set (to be 
used in the validation test), building a new model based on the (n – 1) training set. Later 
the test set will be used to check the (n – 1) model’s prediction ability. This process was 
done repetitively to each data point in the training set to form a whole set of LOOCV 
data. The widely accepted formula for calculating a LOOCV correlation coefficient, 
Q2LOO
19 is shown in Equation 10. 
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Q2LOO =  1 − 
∑ (ŷ𝑖− 𝑦𝑖)
2𝑛
𝑖=1
∑ (y𝑖− ?̅?)2
𝑛
𝑖=1
=  1 − 
𝑃𝑅𝐸𝑆𝑆
𝑇𝑆𝑆
   Equation 10 
𝑦𝑖 in the equation represent the experimental response, ?̂?𝑖 is the predicted response 
calculated by the model (in this case, QSPR Model 4), ?̅? is the averaged value of the 
experimental response, PRESS is the predictive error sum of squares and TSS is the total 
sum of squares for n element of the complete data set.  
Table 24 shows the LOO cross validation data for the QSPR Model 4 with calculated 
Q2LOO of 0.66. It is very close to the LOOCV threshold limit which is 0.7 as suggested 
by  Gramatica13 and Shenk and Westerhaus113, therefore indirectly it indicates that the 
model has a relatively strong internal predictive strength and that it has potential to be 
brought further for the next validation test.  
Z-score is very useful in determining outliers from the cross validation and any sample 
with Z-score > 2.5 is considered as an outlier113. Z-score can be defined as the ratio of 
predicted difference error to the standard error of cross validation (SECV). In this work, 
the values were calculated by the software and presented to the user. Based on Table 24, 
there is only one benzoxazine with Z-score of more than 2.5 which is the PC-a with the 
Z-score of 3.04. However, as mentioned previously, the PC-a will not be removed from 
the training set as removing it from the training set will result in reducing the model’s 
versatility in recognising structural variety in benzoxazines.  
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Table 24 LOO-Cross-Validation data on QSPR Model 4. 
No Materials 
Experimental 
data (%), yi 
Mean, ?̅? 
LOO Cross-
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - score 
1 HQ-apa 81 
55.21 
69.98 665.01 11.02 121.41 1.02 
2 BZ-apa 80 77.07 614.44 2.93 8.60 0.27 
3 PH-apa 79 57.47 565.86 21.53 463.60 2.08 
4 TP-apa 79 61.02 565.86 17.98 323.31 1.72 
5 BF-apa 78 73.92 519.29 4.08 16.66 0.37 
6 BS-apa 76 64.08 432.14 11.92 142.01 1.11 
7 NP-apa 78 53.59 519.29 24.41 595.99 2.16 
8 BPPPO-ea 76 75.32 432.14 0.68 0.46 0.06 
9 BO-apa 75 78.81 391.56 3.81 14.51 0.35 
10 BA-apa 74 70.92 352.98 3.08 9.46 0.28 
11 BP-apa 73 82.29 316.41 9.29 86.28 0.86 
12 BAF-apa 71 86.19 249.26 15.19 230.81 1.42 
13 15N-a 71 85.07 249.26 14.07 197.83 2.03 
14 4,4'O-a 65 50.81 95.80 14.19 201.22 1.94 
15 BHPPO-ea 64 56.42 77.23 7.58 57.46 0.79 
16 NOB-a 58 46.34 7.77 11.66 135.97 1.08 
17 BAF-a 57 59.28 3.20 2.28 5.20 0.21 
18 TP-a 57 61.94 3.20 4.94 24.43 0.45 
19 MIB-a 56 54.84 0.62 1.16 1.36 0.11 
20 BPPPO-a 51 42.01 17.74 8.99 80.79 0.83 
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No Materials 
Experimental 
data (%), yi 
Mean, ?̅? 
LOO Cross-
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - score 
21 BHPPO-m 48 30.21 52.01 17.79 316.48 1.68 
22 TrisP-a 47 59.09 67.44 12.09 146.09 1.12 
23 BHPPO-a 46 60.56 84.86 14.56 212.07 1.37 
24 22P-a 45 58.93 104.29 13.93 194.02 1.31 
25 HQ-a 44 49.06 125.71 5.06 25.57 0.46 
26 P-ad2 41 40.95 201.98 0.05 0.00 0.00 
27 BA-a 32 51.62 538.80 19.62 384.93 1.88 
28 P-ad4 32 25.85 538.80 6.15 37.83 0.57 
29 BPPPO-m 30 44.03 635.65 14.03 196.98 1.31 
30 PC-a 20 49.82 1239.89 29.82 889.09 3.04 
31 P-ad6 19 22.77 1311.32 3.77 14.20 0.35 
32 P-ad8 13 19.79 1781.86 6.79 46.15 0.62 
33 P-ad12 6 12.13 2421.83 6.13 37.52 0.56 
    ∑(y𝑖 −  ?̅?𝑖)
2  = 15183.52  ∑(?̂?𝑖 − 𝑦𝑖)
2 =   5218.26  
 
Q2LOO =  1 −  
∑ (ŷ
𝑖
−  𝑦
𝑖
)2𝑛𝑖=1
∑ (y
𝑖
−  ?̅?)2𝑛𝑖=1
=  1 −  
𝑃𝑅𝐸𝑆𝑆
𝑇𝑆𝑆
 
Q2LOO =  1 −  
5218.26
15183.52
 
Q2LOO =  𝟎. 𝟔𝟔 
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4.4.1.2 Leave-Many-Out-Cross-Validation (LMOCV) 
LMOCV is technically similar to the LOOCV, but it differs in that more than one data 
point was left out at once and treated as a test set at each validation test. The process was 
repeated a few times with different data sets taken out for validation. However, the 
performance of a medium or small (n < 50) data set will be reduced and underestimated 
if too many data were kept for the validation test (for instance, 50 %) as the remaining 
data points for model calculation will be too small and the whole model might miss some 
important structural information of the whole data set. It was reported that for a small 
data set (20 – 30 data points), 30 % data points is sufficient to give the best picture of the 
model’s internal predictivity13.  
Since the training set contains thirty-three data points, nine data points were left out (of 
nearly 30 %) for the LMO validation test. A new model was generated using the 
remaining twenty-four data points and later the new model will be used to predict the 
nine data points in the validation test. This process was done iteratively using different 
validation sets and the final Q2LMO was taken from the average of Q
2
LMO from each test. 
Table 25 to Table 29 show the statistical summary on the LMO prediction results. Q2LMO 
for each test were calculated using the same formula as in Q2LOO as shown in the example 
below.  
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Table 25 LMO-Cross-Validation data on QSPR Model 4 (Validation Test 1). 
No Materials 
Experimental data 
(%), 𝐲𝒊 
Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
1 HQ-apa 81.00 53.67 
  
  
  
  
  
  
  
  
71.86 747.11 83.48 
2 BF-apa 78.00 77.63 592.11 0.13 
3 BO-apa 75.00 81.21 455.11 38.59 
4 BHPPO-ea 64.00 85.53 106.78 463.61 
5 BAF-a 57.00 58.16 11.11 1.35 
6 BHPPO-m 48.00 32.66 32.11 235.27 
7 HQ-a 44.00 46.40 93.45 5.74 
8 BPPPO-m 30.00 40.61 560.11 112.65 
9 P-ad12 6.00 13.10 2272.11 50.45 
        Total, ∑ = 4870.00 991.30 
Q2LMO (1) =  1 −  
∑ (ŷ
𝑖
−  𝑦
𝑖
)2𝑛𝑖=1
∑ (y
𝑖
−  ?̅?)2𝑛𝑖=1
=  1 −  
𝑃𝑅𝐸𝑆𝑆
𝑇𝑆𝑆
 
Q2LMO (1) =  1 −  
991.20
4870.00
= 0.80 
𝐐𝟐𝐋𝐌𝐎 (𝟏) = 0.80, R
2 = 0.71 
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Table 26 LMO-Cross-Validation data on QSPR Model 4 (Validation Test 2). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
1 BZ-apa 80.00 58.50 75.78 473.06 17.82 
2 BS-apa 78.00 63.47 390.06 211.11 
3 BA-apa 74.00 71.40 248.06 6.75 
4 15N-a 71.00 56.09 162.56 222.38 
5 TP-a 57.00 62.20 1.56 27.09 
6 TrisP-a 47.00 55.10 126.56 65.56 
7 P-ad2 41.00 42.25 297.56 1.57 
8 PC-a 20.00 48.51 1463.06 813.07 
    Total, ∑ = 3162.50 1365.35 
𝐐𝟐𝐋𝐌𝐎 (𝟐) = 0.57, R
2 = 0.78 
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Table 27 LMO-Cross-Validation data on QSPR Model 4 (Validation Test 3). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
1 PH-apa 79.00 55.75 59.23 540.56 390.76 
2 BPPPO-ea 76.00 57.82 410.06 330.37 
3 BP-apa 73.00 79.92 297.56 47.95 
4 4,4'O-a 65.00 56.24 85.56 76.75 
5 MIB-a 56.00 54.77 0.06 1.51 
6 BHPPO-a 46.00 59.87 95.06 192.47 
7 BA-a 32.00 47.33 564.06 235.00 
8 P-ad6 19.00 21.12 1350.56 4.50 
      Total, ∑ = 3343.50 1279.31 
𝐐𝟐𝐋𝐌𝐎 (𝟑) = 0.62, R
2 = 0.79 
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Table 28 LMO-Cross-Validation data on QSPR Model 4 (Validation Test 4). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
1 HQ-apa 81.00 52.13 66.08 833.48 222.47 
2 PH-apa 79.00 52.22 722.00 717.00 
3 BP-apa 76.00 70.12 569.78 34.63 
4 NOB-a 58.00 43.68 34.46 204.96 
5 BHPPO-m 48.00 38.73 17.06 85.87 
6 BA-a 32.00 48.62 405.22 276.22 
7 BPPPO-m 30.00 48.85 489.74 355.32 
8 P-ad8 13.00 18.52 1531.16 30.51 
    Total, ∑ = 4602.88 1926.97 
𝐐𝟐𝐋𝐌𝐎 (𝟒) = 0.58, R
2 = 0.76 
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Table 29 LMO-Cross-Validation data on QSPR Model 4 (Validation Test 5). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
1 PH-apa 79.00 53.88 
 
 
 
 
 
 
 
61.15 722.00 318.61 
2 BS-apa 78.00 65.62 669.26 153.19 
3 BP-apa 73.00 81.01 435.56 64.12 
4 NOB-a 58.00 47.73 34.46 105.38 
5 BPPP-a 51.00 44.19 1.28 46.34 
6 22P-a 45.00 57.77 50.84 162.97 
7 P-ad2 41.00 41.08 123.88 0.01 
8 P-ad12 6.00 8.60 2127.98 6.77 
        Total, ∑ = 4165.24 857.38 
𝐐𝟐𝐋𝐌𝐎 (𝟓) = 0.79, R
2 = 0.75,   
 
𝐐𝟐𝐋𝐌𝐎 (𝐚𝐯𝐞) = 0.67 
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All five validation tests show that there is no direct correlation between a high R2 to the 
model’s internal predictivity. In other words, a higher R2 is not a direct indicator that the 
model will perform to a good internal prediction, neither does a lower R2 indicates a 
model with less predictive power. This was proved by validation test 2 and 4 in which 
these two tests scored a lower Q2LMO (n) compared to other test sets, despite their relatively 
strong R2. 
4.4.2 External Validation 
Models with low internal predictivity (low Q2LOO and Q
2
LMO) are often regarded to have 
low predictive ability. However, it is also quite common that models with high internal 
predictivity appeared to be less predictive or even unpredictive all together13.  
In order to have a clear picture on the true predictive power of a QSPR model, it needs 
to be tested on an external test, i.e. an independent test set with new materials that never 
been used in the training set. The performance of the model in the predicting the external 
test will be measured by the calculating the Q2 EXT based on the Equation 11
28. 
𝑄2𝐸𝑋𝑇 = 1 −
[∑ (?̂?𝑖− 𝑦𝑖)
2𝑛𝐸𝑋𝑇
𝑖=1
] 𝑛𝐸𝑋𝑇⁄
[∑ (𝑦𝑖− ?̅?𝑇𝑅)
2𝑛𝑇𝑅
𝑖=1
] 𝑛𝑇𝑅⁄
    Equation 11  
?̂?𝑖 in the Equation 11 indicates the predicted data from the model for the sample i, 𝑦𝑖 is 
the experimental data, ?̅?𝑇𝑅is the response mean of the training set (in this case, QSPR 
Model 4), 𝑛𝐸𝑋𝑇is number of observed response in the external test and 𝑛𝑇𝑅is the observed 
response in the training set (also QSPR Model 4). Both ?̅?𝑇𝑅 and 𝑛𝑇𝑅 were taken from 
previous section. 
Seven polybenzoxazines were used as the external test. These materials were taken from 
the literature and their structures are shown in Figure 40. They were not mixed into the 
training set and split from there to form an external test set, because they were found in 
the literature soon after the QSPR Model 4 was ready. Table 30 shows the calculation of 
Q2EXT. The calculated Q
2
EXT is very misleading as Q
2 (which works similarly to R2) 
should not fall outside of the range of -1 to 1. The extreme value in the Q2EXT was thought 
to be due to the huge prediction error in BZ-Si. This outlier has significantly increased 
the numerator weight and finally contributes to the negative value of Q2EXT.  
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Table 30 Summary of the QSPR Model 4 external validation test for Q2EXT calculation (containing BZ-Si). 
No Materials 
Experimental 
data (%), 𝒚𝒊𝑬𝑿𝑻  
Mean, ?̅?𝑬𝑿𝑻 
Predicted data 
(%), ?̂?𝒊𝑬𝑿𝑻 
(Predicted-Experimental)2,|?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻|
𝟐
 Difference error, % 
1 BA-mt 31.40114 36.49 
 
 
 
 
 
 
39.93 72.76 8.53 
2 BA-35x 31.00114 32.13 1.28 1.13 
3 MDP-bz 33.00115 35.92 8.53 2.92 
4 BZ-Bampo 46.00116 52.05 36.60 6.05 
5 Allyl 1 35.00117 36.04 1.08 1.04 
6 Allyl 2 19.00117 15.85 9.92 3.15 
7 BZ-Si 60.00116 -27.81 7710.60 87.81 
       Total, ∑ = 7840.77  
𝑄2𝐸𝑋𝑇 = 1 −
[∑ (?̂?𝑖 −  𝑦𝑖)
2𝑛𝐸𝑋𝑇
𝑖=1 ] 𝑛𝐸𝑋𝑇⁄
[∑ (𝑦𝑖 −  ?̅?𝑇𝑅)2
𝑛𝑇𝑅
𝑖=1 ] 𝑛𝑇𝑅⁄
 
𝑄2𝐸𝑋𝑇 = 1 −
[7840.77] 7⁄
[15183.52] 33⁄
  
𝐐𝟐𝐄𝐗𝐓 = −𝟏. 𝟒𝟑 
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Table 31 GM model prediction on external correlation coefficient, Q2EXT validation test (without BZ-Si). 
No Materials 
Experimental data 
(%), 𝒚𝒊𝑬𝑿𝑻  
Mean, ?̅?𝑬𝑿𝑻 
Predicted data 
(%), ?̂?𝒊𝑬𝑿𝑻 
(Predicted-Experimental)2,|?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻|
𝟐
 Difference error, % 
1 BA-mt 31.40 32.57 39.93 72.76 8.53 
2 BA-35x 31.00 32.13 1.28 1.13 
3 MDP-bz 33.00 35.92 8.53 2.92 
4 BZ-Bampo 46.00  52.05 36.60 6.05 
5 Allyl 1 35.00 117 36.04 1.08 1.04 
6 Allyl 2 19.00 66 15.85 9.92 3.15 
    Total, ∑ = 130.17  
𝑄2𝐸𝑋𝑇 = 1 −
[∑ (?̂?𝑖− 𝑦𝑖)
2𝑛𝐸𝑋𝑇
𝑖=1 ] 𝑛𝐸𝑋𝑇⁄
[∑ (𝑦𝑖− ?̅?𝑇𝑅)2
𝑛𝑇𝑅
𝑖=1
] 𝑛𝑇𝑅⁄
  
𝑄2𝐸𝑋𝑇 = 1 −
[130.17] 6⁄
[15183.52] 33⁄
   
𝐐𝟐𝐄𝐗𝐓 = 𝟎. 𝟗𝟓 
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The Q2EXT of the external set without BZ-Si was presented in Table 31 in order to provide 
a more genuine Q2EXT without being compromised by the error in BZ-Si. Another way to 
calculate the correlation coefficient of an external validation test is by using the 
concordance correlation coefficient (CCC) (Equation 12). This method was proposed in 
QSPR/QSAR applications recently19 and considered to be a true external validation test 
as it does not contain any information from the training set. This test only requires 
information from the external test prediction for it to calculate the CCC. It needs at least 
ten data points for it to provide the best picture on the model’s external predictivity31. 
Although not as important, CCC is sensitive to the size of validation test and it was 
believed that a smaller data set often performs worse compared to a larger data set. We 
regard this as a preliminary work since the validation set used in this section does not 
contain enough data due to the limited data available in the literature.  
CCC =  
2 ∑ (xi−x̅)(yi−y̅)
n
i=1
∑ (xi−x̅)2
n
i=1 +∑ (yi−y̅)
2+n(x̅−y̅)2ni=1
   Equation 12 
The 𝑥 and 𝑦 in Equation 12 are the experimental data and predicted data calculated by 
the model respectively (or the opposite),  ?̅? and  ?̅? are the mean and n is the number of 
tested materials in the external validation set. From the calculation in Table 32 and Table 
33, it was found that the calculated CCC is 0.73 for dataset containing BZ-Si and 0.58 
for dataset without BZ-Si. Both values are below the threshold of 0.85 to be accepted as 
externally predictive19. 
 
Figure 40 Structures of materials in the external validation test. 
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Table 32 Summary of the QSPR Model 4 external validation test for CCC calculation (containing BZ-Si). 
 
No 
Materials 
Experimental 
data (%), 𝒙𝒊  
Mean, ?̅? (𝒙𝒊 − ?̅?)
𝟐 
Predicted data 
(%), 𝒚𝒊 
Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 BA-mt 31.40 36.49 
 
 
 
 
 
 
25.91 49.96 29.95 
 
 
 
 
 
 
400.33 101.84 42.65 
 
 
 
 
 
 
2 BA-35x 31.00 30.14 44.24 204.22 78.45 
3 MDP-bz 33.00 12.18 46.72 281.25 58.53 
4 BZ-Bampo 46.00 90.44 44.68 217.08 140.12 
5 Allyl 1 35.00 2.22 36.04 37.09 9.07 
6 Allyl 2 19.00 305.90 15.85 198.81 246.61 
7 BZ-Si 60.00 552.72 -27.81 3336.22 1357.94 
      ∑ = 466.79  ∑ = 4674.99 1992.56  
 
𝑪𝑪𝑪 =  
𝟐 ∑ (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?)
𝒏
𝒊=𝟏
∑ (𝒙𝒊 − 𝒙)𝟐
𝒏
𝒊=𝟏 + ∑ (𝒚𝒊 − ?̅?)
𝟐 + 𝒏(?̅? − ?̅?)𝟐𝒏𝒊=𝟏
 
CCC = 
2 ( 1992.56)
466.79+4674.99+5(42.65)
 = 0.73 
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Table 33 CCC calculation for the external test done by GM model (without BZ-Si). 
No Materials 
Experimental 
data (%), 𝒙𝒊  
Mean, ?̅? (𝒙𝒊 − ?̅?)
𝟐 
Predicted 
data (%), 𝒚𝒊 
Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 BA-mt 31.40 32.5667 
  
  
  
  
  
1.36 49.96 
39.58 
 
 
 
 
 
107.66 11.83 49.22 
  
  
  
  
  
2 BA-35x 31.00 2.45 44.24 1957.21 6.89 
3 MDP-bz 33.00 0.19 46.72 2182.80 2.95 
4 BZ-Bampo 46.00 180.45 44.68 1996.64 64.92 
5 Allyl 1 35.00 5.92 36.04 1298.88 9.26 
6 Allyl 2 19.00 184.06 15.85 251.22 325.68 
       Total, ∑ = 374.43    Total, ∑ = 7794.42 1297.91   
 
𝑪𝑪𝑪 =  
𝟐 ∑ (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?)
𝒏
𝒊=𝟏
∑ (𝒙𝒊 − 𝒙)𝟐
𝒏
𝒊=𝟏 + ∑ (𝒚𝒊 − ?̅?)
𝟐 + 𝒏(?̅? − ?̅?)𝟐𝒏𝒊=𝟏
 
CCC = 
2 ( 1297.91)
374.43+7794.42+6(49.22)
 = 0.58 
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4.5 Summary 
Every stage in the development of a QSPR model for the prediction of the char yield of 
polybenzoxazines has been shown in detail in this chapter from the stage of choosing the 
data set to the QSPR Model 4. Four models have been generated and the predictive ability 
of three of the models has been tested in a simple one sample validation process using 
one of the data points which has been left out for the test. The first three models show 
that over a few modifications, a model with a realistic predictive power has been achieved 
although the prediction is limited to a benzoxazine with a familiar structure. The final 
model has gone through a series of internal validations with promising Q2LOO (0.66) and 
Q2LMO (0.67). Its external predictive power was also tested on seven (and six) completely 
new benzoxazines but was found to be unsatisfactory with Q2EXT of -1.43 (for dataset 
containing BZ-Si) and highly predictive with Q2EXT 0.95 (for dataset without BZ-Si) 
whereas CCC of 0.73 (for dataset containing BZ-Si) and 0.58 (for dataset without BS-
Si). Despite the average performance of the model in the external validation test, we 
believe that the result can be improved significantly if the model has more knowledge on 
different structures of benzoxazines.  
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CHAPTER 5 
 
Investigating the Effect of 
Heterogeneity within the Dataset on 
Polybenzoxazines Prediction 
Accuracy 
 
5.1 Introduction 
Introducing a polymerisable acetylene functional group into benzoxazines results in a 
significant increase in the char yield upon thermal degradation99. Acetylene functional 
benzoxazines undergo acetylene polymerisation, which introduces polyene chains within 
the crosslinked structure79. The contribution of both ring opening polymerisation and 
acetylene polymerisation in the polymer structure improves the production of char yield 
by the cured material. This was shown by the comparison between the char yield of BA-
apa (bisphenol A based benzoxazine with acetylenic side group) and the analogous 
compound BA-a (bisphenol A based benzoxazine with phenyl side group) (Figure 41). 
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The char yield of BA-apa was 42 % higher than the BA-a and the char yield of HQ-apa 
is 37% higher than its analogues, due to the contribution of crosslinking of the acetylene 
group99. 
 
Figure 41 Structure comparison between acetylenic-based and aniline-based 
benzoxazines.   
Some materials in the data set are acetylenic functional benzoxazines and undergo the 
additional acetylene polymerisation and some are not. This introduces a data set with 
inconsistent crosslinking behaviour within the polymer network. In this chapter, the 
question of whether the inconsistency in polymerisation contribution within the dataset 
was compromised in the model or significantly affected the prediction undertaken by our 
previous model118 is considered. In order to do this, the thirty-three benzoxazines were 
grouped into two ‘structure-specific’ datasets: acetylenic-side group benzoxazines 
(benzoxazines 1–13 in Table 37) and phenyl-side group benzoxazines (benzoxazines 14- 
33 in Table 37). Models were generated for all three datasets and comparison was 
performed between the general model (GM) prediction (previously termed as QSPR 
Model 4 in Chapter 4) to the structure-specific acetylenic-side group benzoxazines model 
(Ace-M) and phenyl-side group benzoxazines (Ph-M) predictions in order to measure 
their prediction accuracy. 
Polymerisable 
functional groups 
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5.2 Comparison between General Model (GM) and Structure-specific Models 
(Ace-M and Ph-M) 
The best equations derived for the char yield for the three models are shown in Table 34 
(a full prediction table is provided in Table 37). Table 34 shows that the R2 value is not 
directly proportional to the prediction ability and this is consistent with the models 
developed in Chapter 4. Ph-M has a better R2 (0.76) compared to Ace-M (0.51), but it 
has a less accurate prediction (6.89 % error) compared to the Ace-M (2.43 % error). To 
avoid over-fitting in each models, the rule of n > 4k where n is the number of training set 
compounds and k is the number of descriptors was applied during model development as 
suggested by Tropsha et al.16. In other words, the number of descriptors used in a model 
should not exceed a quarter of the size of the training set or the model will potentially 
give statistically unacceptable predictions.  
Table 34 Comparison between GM, Ace-M and Ph-M models. 
QSPR 
models 
R2 Estimated linear model equations 
Average 
difference 
error (%) 
GM 0.75 
Percentage char yield = 27.18 + 0.01 (vol) + 0.02 (VSA) - 
1.72 (b_rotN) + 0.26 (ASA-) - 9.42 (PC+) 
8.37 
Ace-M 0.51 
Percentage char yield =   96.78 - 0.04 (ASA) + 1.19 
(opr_nrot)  - 4.68 (PM3_LUMO) 
2.43 
Ph-M 0.76 
Percentage char yield = 42.04 + 3.15 (opr_brigid) - 10.24 
(Q_PC-) - 0.25 (VSA) - 0.12 (ASA+) 
6.89 
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Figure 42 The regression graphs of predicted char yield vs. experimental char yield 
for GM (blue), Ace-M (red) and Ph-M (green). 
The summaries of descriptors involved in the GM, Ace-M and Ph-M models and their 
relative importance are represented by numbers from 1-11 in Table 35. The full 
descriptions can be found in Table 36. The most important descriptor in the GM model 
is the ASA- (water accessible surface area of atoms with negative partial charge) with 
1.00 weighting and is followed by PC+ (total positive partial charge) with 0.55 weighing. 
In the case of the Ace-M, ASA (water accessible surface area of the whole molecule 
structures) and opr_nrot (number of rotatable bonds) are the two descriptors that 
contribute most to the model with 1.00 and 0.54 weightings.  As for the Ph-M, it is highly 
dependent on the van der Waals descriptor, VSA (van der Waals surface area with 1.00 
weighting) and structure flexibility descriptor, opr_bridgid (number of rigid bonds with 
0.98 weightings) compared to the other two descriptors, PC- and ASA+.  
Table 35 Descriptors (shortened as 1-11, refer to Table 34 for the full lists and 
detailed descriptions) and their weightings for each model. 
QSPR 
Models 
Descriptors (1-11) and the Weightings 
1 2 3 4 5 6 7 8 9 10 11 
GM   0.18 0.55  0.07 0.04 1.00    
Ace-M 0.54         1.00 0.14 
Ph-M  0.98   0.53 1.00   0.36   
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Table 36 List of the descriptors and their descriptions. 
No Descriptors Descriptions110 
1 opr_nrot The number of rotatable bonds111. 
2 opr_bridgid The number of rigid bonds111. 
3 b_rotN 
Number of rotatable bonds. A bond is rotatable if it has order 1, 
is not in a ring, and has at least two heavy neighbours. 
4 PC+ Total positive partial charge. 
5 PC- Total negative partial charge. 
6 VSA 
Van der Waals surface area. A polyhedral representation is used 
for each atom in calculation the surface area. 
7 vol 
Van der Waals volume calculated using a grid approximation 
(spacing 0.75). 
8 ASA- 
Water accessible surface area of all atoms with negative partial 
charge (strictly less than 0). 
9 ASA+ 
Water accessible surface area of all atoms with positive partial 
charge (strictly greater than 0). 
10 ASA 
Water accessible surface area calculated using a radius of 1.4 Å 
for the water molecule. 
11 PM3_LUMO 
The energy (eV) of the lowest Unaccupied Molecular Orbital 
calculated using the PM3 Hamiltonian119. 
 
Descriptor 1, 2 and 3 (opr_nrot, opr_bridgid and b_rotN) are related to the numbers of 
rotatable and rigid bonds and they represent how rigid or flexible the structure is. In most 
cases, the flexibility of a bond is based on its bond order, bond participation in one or 
more cyclic structures and the branching of the adjacent atoms120. Polyaromatic ring 
systems, double and triple bonds are categorised as rigid bonds, while aliphatic single 
bonds formed by two Csp
3 atoms are categorised as freely rotatable120. Molecular 
flexibility is very importance as it influences the interaction of a molecule with others. 
The flexibility helps it to shift its conformation to make contact with potential compounds 
(as illustrates by the induced fit model proposed by Koshland121) thus increase its 
potential for more interactions compared to a less flexible molecule. The high flexibility 
also helps the polymer molecules to detangle from random coils and fit into the best 
packing arrangement possible within the crosslinked structure122, therefore a more 
flexible monomer structure is expected to form a higher crosslinked polymer. Based on 
Table 35, this descriptor group is only essential on Ace-M and Ph-M of weighting more 
than 0.5 but not very much important for GM.       
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Descriptors 4 and 5 are the total positive partial charge and total negative partial charge 
of a molecule. Each atom in a molecule carries a partial charge depending on the 
electronegativity of neighbouring atoms whom they shared the bond with. For example 
in H-Cl  molecule, the electronegativity of chlorine is 2.87 while hydrogen is 2.30123. 
The electrons of the H-Cl bond are attracted more to the chlorine than to the hydrogen, 
giving an excess of electron density on the chlorine atom. The unequal electron sharing 
will result in atoms having a partial negative (denoted by δ-) and positive (denoted by 
δ+) charge. The partial charge on an atom in a molecule promotes electrostatic 
interactions (van der Waals interaction) as well as intermolecular forces with other 
molecules124. On top of that, in a more complex molecule with more than one covalent 
bond, the summation of partial charges from each bond will decide if the molecule is 
polar (has net molecular polarity and exhibits a dipole moment) or not.  Strongly polar 
molecules are usually soluble in polar solvents like water, whereas non-polar molecules 
are insoluble in water. An example of partial charge distribution in a molecule is shown 
in Figure 43. 
 
Atom Calculated Partial Charge 
H of OH 0.41 
O of OH -0.71 
C of C=O  0.82 
H of CH3 0.25 
C of CH3 -0.68 
Figure 43 Computer calculated partial charge distribution (electrons) on an acid 
using Gaussian09. The acid is in ball-and-stick representations.     
The van der Waals surface area (VSA) and volume (vol) are calculated from a topological 
connection table with predefined set of van der Waals radii and ideal bond lengths. They 
are conformationally independent as it only requires 2D connectivity information125 and 
they quantitatively represents the space occupied by a molecule126. VSA often have small 
‘pockets’ that are too small that solvent molecules are unable to get into them127. 
Interactions of a particular molecule with other molecules in the environment can be 
obtained by considering the area that the surface is accessible to the solvent128. To 
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provide a more accurate measurement, a very similar descriptor to the VSA was used and 
is known as the water accessible surface area (ASA). This descriptor was used to measure 
only the solvent accessible surface area. It is defined as the area of a surface of a molecule 
that is mapped out by a solvent probe (particularly water molecule with radius 1.4 Å in 
this case) as it rolls over the entire surface of the molecule129, as illustrated in Figure 44. 
This descriptor group is particularly important in protein modelling in which a particular 
amino acid is considered buried in the interior of a protein crystallographic molecular 
model if it has less than a certain amount water accessible surface area130. In the case of 
a monomer structure, this parameter can be analogous to the surface area that is 
accessible to the interest molecules to make contact for interactions. ASA+ and ASA- 
(descriptor 8 and 9) are also related to the water accessible surface area but unlike ASA 
that calculates the overall molecule’s water accessible surface area, ASA+ and ASA- 
only includes atoms with positive or negative partial charge. 
 
Figure 44 The water molecules (radius of ~1.4Å) represented by the light blue spheres 
are rolled over a molecule, producing a traced surface known as water 
accessible surface area129. 
Table 37 shows the summary of the predictions undertaken with GM, Ace-M, and Ph-M. 
The predictions were produced in-silico by each model using the descriptors from Table 
36. The errors between the prediction data and the actual data were calculated manually 
using Microsoft Excel. 
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Table 37 Comparison of prediction data generated by GM, Ace-M and Ph-M (depending on their structures, benzoxazines 1-13 were grouped 
into Ace-M model and benzoxazines 14-33 were grouped into Ph-M model).    
No Materials 
Actual 
data (%) 
General database (GM) Ace-M  
Prediction 
data (%) 
Difference 
error 
Average 
error 
R2 
Prediction data 
(%) 
Difference 
error 
Average 
error 
R2 
1 HQ-apa 81.00 70.85 10.15 8.37 0.75 77.59 3.41 2.43 0.51 
2 BZ-apa 80.00 77.42 2.58 75.45 4.55 
3 PH-apa 79.00 61.17 17.83 82.50 3.50 
4 TP-apa 79.00 62.11 16.89 80.05 1.05 
5 BF-apa 78.00 74.53 3.47 74.12 3.88 
6 BS-apa 76.00 65.40 10.60 78.61 2.61 
7 BPPPO-ea 76.00 59.04 16.96 76.15 0.15 
8 NP-apa 76.00 75.41 0.59 74.68 1.32 
9 BO-apa 75.00 78.33 3.33 74.25 0.75 
10 BA-apa 74.00 71.36 2.64 72.13 1.87 
11 BP-apa 73.00 80.94 7.94 73.77 0.77 
12 BAF-apa 71.00 80.13 9.13 73.96 2.96 
13 BHPPO-ea 64.00 56.85 7.15 70.73 6.73 
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No Materials 
Actual 
data (%) 
General database (GM) Ph-M 
Prediction 
data (%) 
Difference 
error 
Average 
error 
R2 
Prediction data 
(%) 
Difference 
error 
Average 
error 
R2 
14 15N-a 71.00 81.87 10.87 
  
55.35 15.65 6.89 0.76 
15 4,4'O-a 65.00 53.47 11.53 49.24 15.76 
16 NOB-a 58.00 47.78 10.22 58.88 0.88 
17 BAF-a 57.00 58.30 1.30 58.42 1.42 
18 TP-a 57.00 61.70 4.70 44.70 12.30 
19 MIB-a 56.00 55.01 0.99 48.12 7.88 
20 BPPPO-a 51.00 44.09 6.91 47.99 3.01 
21 BHPPO-m 48.00 34.69 13.31 42.85 5.15 
22 TrisP-a 47.00 54.07 7.07 58.33 11.33 
23 BHPPO-a 46.00 59.24 13.24 49.67 3.67 
24 22P-a 45.00 57.80 12.80 49.55 4.55 
25 HQ-a 44.00 48.59 4.59 52.17 8.17 
26 P-ad2 41.00 40.96 0.04 41.63 0.63 
27 BA-a 32.00 48.80 16.80 40.11 8.11 
28 P-ad4 32.00 26.70 5.30 34.35 2.35 
29 BPPPO-m 30.00 39.15 9.15   34.56 4.56   
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No Materials 
Actual 
data (%) 
General database (GM) Ph-M 
Prediction 
data (%) 
Difference 
error 
Average 
error 
R2 
Prediction data 
(%) 
Difference 
error 
Average 
error 
R2 
30 PC-a 20.00 45.17 25.17 34.20 14.20 
31 P-ad6 19.00 22.18 3.18 25.38 6.38 
32 P-ad8 13.00 18.19 5.19 15.59 2.59 
33 P-ad12 6.00 8.69 2.69 -3.11 9.11 
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The Ace-M and Ph-M models were found to give more accurate predictions, with lower 
average errors when compared with the general model, GM. The average errors refer to 
the total absolute difference error between the predicted char yield and the experimental 
char yield, divided by the number of compounds in each training sets (Equation 13).  
Average difference error =
|Predicted char yield−Actual char yield| 
Number of compounds
  Equation 13 
The average error of the Ace-M and Ph-M is 2.43 % and 6.89 % respectively while the 
average error of the GM is 8.37 %. Ace-M appeared to be a ‘clean’ model with only one 
prediction with difference error of greater than 5 %. As for Ph-M, there are five 
benzoxazines with predicted char yields of more than 10 % error, while nearly half of the 
GM compounds were predicted with more than 10 % error. Most of the predictions’ 
difference errors fall into the range 0-15 % and one of the predictions from GM have 
difference error of greater than 20 % (Figure 45).  
It is not surprising that the Ace-M and Ph-M models give more accurate predictions as 
their descriptors are more specific for the behaviour and structural characteristics of the 
benzoxazines of their own kind. It is safe to say at this stage that the descriptors used in 
the GM model compose the differences present in the data set due to the larger data set 
of thirty-three benzoxazines with various structural characteristics. 
 
Figure 45 The prediction errors distribution in GM, Ace-M and Ph-M. 
NOB-a has an unique structure of a nadimide functional group and was expected to 
exhibit a huge deviation from the experimental data due to the competition between the 
exo (thermodynamically stable) and the endo (kinetically stable) conformations of the 
nadimide. The conformation with the lowest energy (exo) was chosen in this work, but it 
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cannot be certain that the endo conformation was not also formed in the polymer structure 
as the endo conformation is kinetically favoured compared to the exo . However, Figure 
46 clearly shows that the endo-exo competition does not critically influence the 
prediction data given the errors in NOB-a predictions are not exceptionally high 
compared to other monomers.  
Based on Figure 46, material with the highest prediction errors is PC-a with 25.17 % 
error in GM (and 14.2 % error in Ph-M), followed by 4,4’O-a, 15N-a and BA-a. These 
monomers do not possess any unusual structural characteristics for the model to predict 
their chars with more than 10 % error, but polymer degradation depends on various 
factors including different polymer packing, presence of oligomers and high/low 
crosslinking density. There is also potential for change in the chain scission mechanism 
during the degradation that might contribute to the errors in the prediction data.  
 
Figure 46 The prediction errors exhibited by each compounds in GM, Ace-M and Ph-
M models. 
5.3 Internal and External Validations 
Internal validation (Leave-One-Out-Cross-Validation (LOOCV) and Leave-Many-Out-
Cross-Validation (LMOCV)) and external validation tests were used to validate the GM, 
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Ace-M and Ph-M models in order to statistically determine their predictive ability and 
the same procedures as in Section 4.4 was used in these validation tests.   
In brief, LOOCV was done by taking one of the compounds out from the data set (of n 
compounds) to act as a ‘test set’, leaving the remaining compounds as a LOOCV (n-1) 
data set. A model was later developed from the LOOCV data set (in-situ) and the ‘test 
set’ was used to validate the model’s prediction ability. These steps were done repeatedly 
to each compound in the training set to form a whole LOOCV data set. LMOCV is very 
similar to the LOOCV, but with more than one compounds were taken out and left as the 
‘test set’ instead of only one as in the LOOCV. This process was repeated several times 
and the correlation coefficients for both LOOCV (Q2LOO) and LMOCV (Q
2
LMO (ave)) were 
calculated to measure a QSPR model’s performance in making internal predictions. In 
contrast to the internal validations, external validation will use materials that never been 
used in the model development as a ‘test set’. The models will calculate the prediction 
values of these new materials and correlation coefficient, Q2EXT and concordance 
correlation coefficient (CCC) will be calculated to measure its external prediction power. 
All calculations for validation tests are attached in Appendices. 
5.3.1 GM Model Validations 
5.3.1.1 Leave-One-Out-Cross-Validation (LOOCV) 
The calculated Q2LOO from the LOOCV data is 0.66 (refer to Appendix B for calculation), 
which is slightly lower than the threshold Q2LOO = 0.7 for the GM QSPR model to be 
accepted as a model with high internal predictive strength. 
5.3.1.2 Leave-Many-Out-Cross Validation (LMOCV) 
Eight to nine compounds were used in each validation test as recommended by 
Gramatica13, which is approximately 30 % of the size of the model’s data points. The 
LMOCV was repeated five times and Q2LMO (ave) was calculated to be 0.67 (refer to 
Appendix B for calculation). 
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5.3.1.3 External Validations 
Figure 47 shows the structure of benzoxazines used in the external test set. All 
compounds with the exception of BZ-Si were predicted very well by the model with the 
highest error of 8.53 % and as low as 1.04 %. BZ-Si was predicted with a very large error 
of 87.81 %. 
 
Figure 47 The list of structures of compounds used in the GM model external 
validation test. 
As mentioned in Section 4.4, there are two separate methods in determining the 
predictive power of a model towards an external test set, which are the external 
correlation coefficient, Q2EXT and the concordance correlation coefficient, CCC. The 
same equations as in Section 4.4 were used to calculate the Q2EXT and CCC. The GM 
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model has successfully predicted the test sets with Q2EXT of 0.81 (and -1.43 for the test 
set with BZ-Si) and CCC of 0.58 (and 0.73 for the test set with BZ-Si). Calculations are 
shown in Appendix B. Table 38 summarise the performance of GM model on external 
validation tests.  
Table 38 The performance of GM model on the external validation tests. 
External validation tests 
External test set 
(without BZ-Si) 
External test set 
(with BZ-Si) 
External correlation coefficient, Q2EXT 0.95 -1.43 
Concordance correlation coefficient, CCC 0.58 0.73 
Prediction RMSE 4.66 33.47 
Test set R2 0.90 -0.41 
 
5.3.2 Ace-M Model Validations 
5.3.2.1 Leave-One-Out-Cross-Validation (LOOCV) 
The Q2LOO for the Ace-M model is -0.20. A negative value on Q
2
LOO indicates that the 
sum of errors in the LOOCV were too big and that the model is not internally predictive 
(refer to Appendix C for calculations). 
5.3.2.2 Leave-Many-Out-Cross Validation (LMOCV) 
LMOCV was repeated four times with different combination of compounds selected 
(randomly) for each validation test. Since the Ace-M model contains only thirteen data 
points just three compounds were taken out in each test (30% from the data set size). The 
average LMO correlation coefficients (Q2LMO (ave)) of Ace-M model is 0.35, much lower 
than the GM model. 
5.3.2.3 External Validations 
The external predictivity of the Ace-M model was verified using the same methods as in 
Section 4.4.1.3. Among the seven compounds in the GM external test set, four of them 
contain polarisable functional groups which behave in a similar way as the carbon triple 
bond in acetylenic compounds. The four compounds are MDP-Bz, BZ-Allyl-1, BZ-Allyl-
2 and BZ-Si (Figure 48). In general, it is best to say that this model is not externally 
predictive. The difference errors in the prediction data are large, between 24–41 % 
(Appendix C). The calculated Q2EXT is -172.39 and -187.82 for the external sets with and 
without the BZ-Si respectively. Similarly to the CCC, the calculated coefficients were 
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too small on both test sets (with and without BZ-Si) such that the model is almost not 
externally predictive. Table 39 summarise the performance of Ace-M model on external 
validation tests. 
Table 39 The performance of the Ace-M model on the external validation tests. 
External validation tests 
External test set 
(without BZ-Si) 
External test set 
(with BZ-Si) 
External correlation coefficient, Q2EXT -172.39 -187.82 
Concordance correlation coefficient, CCC 7.96x10-6 1.16x10-6 
Prediction RMSE 47.03 42.50 
Test set R2 -37.16 -114.1 
 
 
Figure 48 The list of structures of compounds used in the Ace-M model external 
validation test. 
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5.3.3 Ph-M Model Validations 
5.3.3.1 Leave-One-Out-Cross-Validation (LOOCV) 
The Q2LOO for the Ph-M model is reasonable, about 0.57 although this is still lower than 
the minimum Q2LOO required for the model to be accepted as highly internally predictive 
(all validation calculations are attached in Appendix D). 
5.3.3.2 Leave-Many-Out-Cross Validation (LMOCV) 
The Ph-M model contains twenty compounds and six compounds were taken out for the 
LMOCV for each validation test. This step was repeated five times with different 
compound groups and the average Q2LMO (ave) is 0.42. 
5.3.3.3 External Validations 
Four compounds (BA-mt, BA-35x and BZ-Bampo) from the seven compounds used in 
the GM model external test were used for this external validation as they have non-
polymerisable side groups (Figure 49). They behave in a similar way to the phenolic-side 
group benzoxazines where the side groups do not get involved in any polymerisation. 
Based on the predictions done by the model, it can be confirmed that Ph-M has an 
outstanding external predictions with Q2EXT of 0.96 and CCC of 0.78.  
 
Figure 49 The list and structures of compounds used in the Ph-M model external 
validation test. 
Among the three models, the GM model is the biggest data set with thirty-three 
compounds, followed by Ph-M with twenty compounds and Ace-M with only thirteen 
compounds. The very low correlation coefficients in the internal and external validation 
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test suggest that the Ace-M model is almost not predictive. This might due to the very 
small data set that the model is unable to gather enough information in choosing the best 
descriptors to represent the compounds in the model. Ph-M performed exceptionally well 
when applied to external chemicals, with both Q2EXT and CCC above 0.70. However it 
did not perform as well in the internal tests with correlation coefficients of less than 0.7 
in both LOOCV and LMOCV. GM shows the best performance in the LOOCV and 
LMOCV with Q2 of 0.70 and 0.67 respectively, in addition to an outstanding performance 
in one of the external tests. Table 40 summarise the performance of GM, Ace-M and Ph-
M models on external validation tests. 
Table 40 GM, Ace-M and Ph-M performance in the internal and external validations. 
Internal validation tests GM Ace-M Ph-M 
Leave-One-Out-Cross-
Validation, Q2LOO 
0.70 -0.20 0.57 
Leave-Many-Out-Cross-
Validation, Q2LMO (ave) 
0.67 0.35 0.42 
External validation tests 
Without 
BZ-Si 
With 
BZ-Si 
Without 
BZ-Si 
With 
BZ-Si 
 
External correlation 
coefficient, Q2EXT 
0.95 -1.43 -172.39 -187.82 0.96 
Concordance correlation 
coefficient, CCC 
0.58 0.73 7.96x10-6 1.16x10-6 0.78 
Prediction RMSE 4.66 33.47 47.03 42.50 4.22 
Test set R2 0.90 -0.40 -37.16 -114.10 0.81 
 
It is apparent from Table 40 that models with a bigger data set are more internally 
predictive (higher score in Q2LOO and Q
2
LMO (ave)) compared to smaller data set models.  
Internal validation test score: GM > Ph-M > Ace-M 
However, it is the opposite for the external validation tests as it seems that a smaller test 
set will make the model appear to be more externally predictive, with a higher score on 
the Q2EXT and CCC as shown in Table 40, although sometimes it is not the case.  
External validation test score: Ph-M > GM > Ace-M 
In this preliminary test, we believe that the ability for a model to predict new compounds 
is not solely related to the external test size (although CCC needs to have at least ten 
external data points for it to show the best external prediction quality19) but more 
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dependent on the quality of the descriptors selected that are able to make use as much 
information as possible to represent the compounds in the model.  
5.4 Van Krevelen Prediction Methods 
5.4.1 Introduction to the Van Krevelen Prediction Methods 
Van Krevelen has introduced two methods for predicting polymers char yield in his book, 
firstly by using additive group contributions (V.K. group contribution) and secondly by 
applying the relationship between the char residue (char yield) and the limiting oxygen 
index (V.K. char yield-LOI)126. It is worth mentioning that the additive group 
contribution method was introduced decades earlier, before polybenzoxazines starting 
getting attention, therefore the group contribution table does not contain any information 
related to oxazine or aromatic rings neighbouring to an oxazine. In the additive group 
contributions method, each structural group contributes to the char residue in its own 
characteristic way and an estimation equation based on group contributions was used to 
estimate the char yield of the materials, where CFT is the char forming tendency of each 
structural group (taken from the group contribution table) and M is the molecular weight 
of the polymer per unit. (Equation 14).  
Char yield =  
∑(CFT)i
M
 × 1200   Equation 14  
Another prediction method introduced by Van Krevelen is related to the relationship 
between the char yield, CY and the limiting oxygen index (LOI) (Equation 15)126. 
However, this method requires the values of the LOI in order to calculate the estimated 
value of the char residue. This is inconvenient as there is only a limited number of 
polybenzoxazines for which LOI data have been reported in the literature. 
LOI =  
17.5+0.4 CY
100
     Equation 15 
Another point to mention is that both Van Krevelen methods are restricted to non-
halogenated materials only, as halogen atoms are in-built flame retardants and get 
involved directly in the degradation reaction, thus significantly affecting the char 
formation.  
5.4.2 QSPR vs. Van Krevelen 
To further evaluate the QSPR models and the Van Krevelen prediction methods, the same 
external test set used for validating the GM model (with and without BZ-Si) was applied 
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in this section to compare the char yield predictions of a number of polybenzoxazines 
with their experimental char yields taken from the literature. The full structure of the 
benzoxazine monomers are provided in Section 5.3.1.3. Predictions were generated in 
five approaches e.g. two Van Krevelen methods and three QSPR models (GM, Ace-M 
and Ph-M) and the results are shown in Table 41. The V.K. char yield-LOI method shows 
better overall prediction (smallest mean error) compared to the V.K. group contribution 
prediction and the GM prediction for the test set containing BZ-Si. Similar to what has 
happened in the external validation tests of the GM model and the Ace-M, we believe 
that the exceedingly large mean errors in the V.K. group contribution and GM model 
were compromised due to the large error in the BZ-Si predictions. This test shows that 
the BZ-Si is not only being an unpredictable material in the GM model, but also to V.K. 
char yield-LOI and V.K. group contribution. It was found that when BZ-Si was removed 
from the test set, the prediction’s mean errors in all three models (V.K. group 
contribution, GM model and Ace-M model) improved significantly especially in the V.K. 
group contribution and the GM model. This has over-turned the whole results where the 
GM model has now becomes the most predictive model based on its smallest mean error 
of 3.80 %, compared to both Van Krevelen methods with mean errors of  11 % and 15.27 
% respectively.  
Results obtained in this section revealed the ability for the QSPR prediction model to 
compete with the Van Krevelen prediction method in the prediction of char yields for 
polybenzoxazines. Table 41 shows that less than half of the benzoxazines in the test set 
were predicted well within 10 - 14 % by both Van Krevelen methods while the opposite 
performance was shown by the GM model where the entire data set were predicted well 
below 10 % error, and more than half of the benzoxazines were exceptionally well 
predicted with error less than 5 %.  
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Table 41 Char yield prediction done by Van Krevelen methods and QSPR models with BZ-Si (above) and without BZ-Si (below). 
No Materials 
Actual 
Char  
Yield 
(%) 
Predicted char yield with BZ-Si 
Van Krevelen  
(LOI) 
Van Krevelen  
(group contribution) 
GM  Ace-M  Ph-M 
Predicted 
yield (%) 
Error (%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error (%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error (%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error 
(%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error 
(%) 
Mean 
error 
(%) 
1 BA-mt 31.4114 13.75 17.7 
13.56 
19.59 11.81 
20.18 
39.93 8.53 
15.80 
 
 
40.71 
33.29 1.89 
3.36 
2 BA-35x 31.0114 11.25 19.8 25.48 5.52 32.13 1.13  
 
24.04 6.96 
3 MDP-bz 33.0115 34.25 1.25 15.73 17.27 35.92 2.92 74.14 41.14   
4 BZ-Si 60.0131 36.25 23.8 10.38 49.62 -27.80 87.81 84.31 24.31   
5 BZ-Bampo 46.0116 51.25 5.25 22.07 23.93 52.05 6.05 
  
47.22 1.22 
6 Allyl 1 35.0117 No LOI information 13.27 21.73 36.04 1.04 73.62 38.62   
7 Allyl 2 19.0117 No LOI information 7.65 11.35 15.85 3.15 77.75 58.75   
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No Materials 
Actual 
Char  
Yield 
(%) 
Predicted char yield without BZ-Si 
Van Krevelen  
(LOI) 
Van Krevelen  
(group contribution) 
GM  Ace-M  Ph-M 
Predicted 
yield (%) 
Error (%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error (%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error (%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error 
(%) 
Mean 
error 
(%) 
Predicted 
yield (%) 
Error 
(%) 
Mean 
error 
(%) 
1 BA-mt 31.4114 13.75 17.7 
11.00 
19.59 11.81 
15.27 
39.93 8.53 
3.80 
 
 
46.17 
33.29 1.89 
3.36 
2 BA-35x 31.0114 11.25 19.8 25.48 5.52 32.13 1.13  
 
24.04 6.96 
3 MDP-bz 33.0115 34.25 1.25 15.73 17.27 35.92 2.92 74.14 41.14   
4 BZ-Bampo 46.0116 51.25 5.25 22.07 23.93 52.05 6.05 
  
47.22 1.22 
5 Allyl 1 35.0117 No LOI information  13.27 21.73 36.04 1.04 73.62 38.62   
6 Allyl 2 19.0117 No LOI information 7.65 11.35 15.85 3.15 77.75 58.75   
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The huge errors in BZ-Si prediction in both Van Krevelen methods and GM model might 
be due to the presence of a polysiloxane matrix in that polymer that behaves differently 
than the other materials in the training set and external test set. There is also no 
information on the siloxane (polysiloxane) contribution in the group contribution table 
so that the method is unable to measure the contribution of siloxane (polysiloxane) into 
the char formation.  The way in which a material polymerises and degrades (random 
chain scission), and the incorporation of any inorganic materials such as Si and P will 
also affect the formation of char.   
5.5 Summary 
The presence of polymerisable functional groups in some of the benzoxazines introduces 
heterogeneities in the crosslinking network within the dataset and this is proven by the 
significantly higher char formation of polybenzoxazine containing acetylenic 
(polymerisable) side groups compared to the polybenzoxazines with phenolic side 
groups`. The effect of the inconsistency towards the QSPR prediction accuracy was 
investigated and it was found that there is a limitation and insufficient data in one of the 
specific models to provide a predictive model to test the hypothesis. Ace-M being almost 
unpredictive (internally and externally) due to the very small data set so that the model 
is unable to have enough information to develop a good model. However this model can 
be improved if we have a larger data set with more materials with similar characteristic 
(polymerisable side groups). Ph-M on the other hand, was successfully developed and 
performed well in both internal and external validation tests with promising results. 
Comparing the Ph-M and GM model, it was found that there is only a small difference 
in the mean errors between both models (3.80 % in GM model and 3.36 % in Ph-M). 
This indicates that both models can make good predictions on new materials and that the 
contribution of the additional crosslinked network by the polymerisable functional group 
does not significantly affect the model’s prediction ability. When directly comparing the 
two models, it can be seen that the GM model is more practical as it is more ‘general’ 
and can handle numerous structures, however in some cases, the Ph-M model gives more 
accurate predictions. 
The novelty of this work is, to use monomer structures of the polybenzoxazines, rather 
than simulating the complex network structure of the polymer system to develop a model. 
Although this method has shown to be successful, it has limitations that need to be 
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considered. In fact, there are no models that work on everything. As shown in the case 
of BZ-Si, this prediction tool did not work very well on materials with a very new 
structural characteristic, as the descriptors involved in the char calculation are solely 
based on the information ‘learned’ from the training set. The model needs to ‘learn’ the 
new information before it can be used for predicting compounds of that family. On 
another note, this model could be possibly be applied to other polymer families, provided 
they have a similar degradation mechanism as the polybenzoxazines, although further 
tests need to be done to support this hypothesis.  
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CHAPTER 6 
 
Benzoxazines Synthesis and 
Materials Characterisation  
 
6.1 Introduction 
The previous two chapters have focused on computational work, in particular model 
development and validation. Towards the end of Chapter 5, it was confirmed that the GM 
and Ph-M models are internally and externally predictive and that the heterogeneity 
present in the GM model does not affect its prediction accuracy, and that it can perform 
predictions nearly as accurately as one of the specific models, e.g. Ph-M. The ability of 
the GM model will be tested further by making use of the model in designing and 
developing a novel polybenzoxazine followed by monomer synthesis, polymer curing 
via DSC and finally measuring their char yield experimentally to confirm the initial 
prediction calculated by the GM model. The polymer curing, thermal behaviour and 
thermal analysis will be discussed in Chapter 7. 
This chapter will discuss the synthesis and characterisation of three benzoxazine 
monomers. BA-apa was prepared in two batches, one via the standard synthetic method 
and the other via the solvent-free method while the BO-ba and BZ-apa were both 
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synthesised via the solvent-free method. The procedures for each synthesis has been 
described in detail in Section 3.3.4. The synthesised monomers were characterised by 
proton and carbon nuclear magnetic resonance spectroscopy (1H NMR and 13C NMR), 
Fourier-transform infrared spectroscopy (FT-IR), elemental analysis, liquid 
chromatography-mass spectrometry (LC-MS) and flash column chromatography (where 
applicable).  
6.2 Synthesis of Benzoxazines 
Benzoxazines are formed from reactions between phenols, paraformaldehyde and 
primary amines via the Mannich reaction. Two widely-used procedures in benzoxazine 
synthesis are the standard synthetic and solvent-free methods. The synthetic method 
utilises solvent during the reaction and is carried out in two steps, while the solvent-free 
method is a ‘one pot’ synthesis where all reagents are put together and left to reflux. 
Burke, in his work in 1949, reported the synthetic procedure39 and this has since been 
used by contemporary researchers in this field132. However, the use of solvent promotes 
side reactions, requires a long reaction time and the solvent itself is harmful to the 
environment. The solvent-free synthesis was later introduced by Ishida in the 1990s to 
provide a cleaner, quicker and greener benzoxazine synthesis40. Although the solvent-
free method is much more straightforward, there are some cases where the standard 
synthetic method is preferred and works better48. Due to the very long benzoxazine 
IUPAC names, abbreviations with the phenolic compounds in capital letters and 
hyphenated to the primary amine in lower case letters were used to represent benzoxazine 
monomers74. The abbreviations are not acronyms to the benzoxazines IUPAC names.  
6.3 Benzoxazine Monomers Characterisations 
6.3.1 BA-apa 
BA-apa monomer is the product of reaction between paraformaldehyde, bisphenol A and 
3-ethynylaniline. This monomer was synthesised by both the solvent-free and solvent 
routes and the product from each is given a different code here to differentiate them. 
Thus, throughout this study, that from the standard synthetic route will be referred to as 
BA-apa_SY and that from the solventless route will be referred as BA-apa_SL. 
6.3.1.1 FT-IR 
Figure 50 shows the FT-IR spectrum of starting materials bisphenol A and 3-
ethynylaniline as well as product BA-apa_SL. It is confirmed that the bisphenol A has 
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been reacted due to the disappearance of the broad O-H stretch at 3297 cm-1 and the O-
H bending signal at 1364 cm-1 characteristic of a primary alcohol133. The shifting of the 
C-O stretch at 1228 cm-1 in (a) to 1233 cm-1 in (c) is attributed to the C-O-C asymmetric 
stretching vibration134 and suggests that the closed oxazine ring has been formed during 
the reaction. The disappearance of signals due to the N-H primary amine stretch at 3438 
and 3359 cm-1 in (c) suggests that the primary amine has also been reacted and that there 
is no primary amine present in the precursor. The shifting of the aromatic primary amine 
C-N stretch signal  at 1284 cm-1 to a higher wavelength, 1366 cm-1 indicates that the 
primary amine has now converted into a tertiary amine, which is characteristic of a 
benzoxazine133. The formation of benzoxazine is also supported by the presence of a band 
at 952 cm-1 attributed to the out-of-plane C-H vibration of the tri-substituted benzene ring 
to which the oxazine ring is attached48,98,133. A strong absorption band for the alkyne C-
H stretching which is clearly observed at 3284 cm-1 in spectrum (c) indicates the presence 
of the acetylene structure in the product although the spectrum does not show a peak 
corresponding to the C≡C stretch at 2106 cm-1 which is most likely too weak and lost in 
the noise. The IR spectrum of BA-apa_SY (see APPENDIX E) also shows very similar 
absorptions to the BA-apa_SL; a strong peak at 3293 cm-1 corresponds to the alkyne C-
H stretch, a peak at 1217 cm-1 is attributed to the C-O-C asymmetric stretching and 953 
cm-1 is assigned to the C-H wagging of a tri-substituted benzene ring.  
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Figure 50 FT-IR spectrum of (a) bisphenol A, (b) 3-ethynylaniline and (c) BA-apa_SL. 
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6.3.1.2 1H NMR  
1H NMR spectra of BA-apa from both methods are shown in Figure 51 and 52. It can be 
confirmed that the BA-apa monomer is present in both samples based on their NMR 
analysis, although of different composition and the peaks are slight shifted between the 
two spectra due to the different solvents used. An attempt to run both products in the 
same solvent was unsuccessful due to the fact that the BA-apa_SL is insoluble in CDCl3 
and BA-apa_SY is unstable and degraded before the end of the work.  
There is a singlet peak present at 1.53 ppm in Figure 51 and 1.61 ppm in Figure 52135, 
attributed to the two CH3 groups (6H integration) of the iso-propylidine linkage in the 
BA-apa structure of both BA-apa_SL and BA-apa_SY. Further down the BA-apa_SY 
spectrum (in CDCl3) at 3.05 ppm is a peak assigned to the acetylenic protons of the 
carbon triple bond (at position 11). It usually appears as a single peak at 3.0 ppm in many 
publications99,134,135. The same signal was pushed to a higher chemical shift for BA-apa-
SL in DMSO-d6 and appears at 4.13 ppm. Major peaks that require consideration when 
examining a benzoxazine monomer are the two peaks of similar integral values which 
correspond to the four methylene protons in the oxazine ring (the protons at the position 
5 and 6). The peaks which appear at 4.63 and 5.41 ppm in Figure 51 (and at 4.58 and 
5.32 ppm in Figure 52) are attributed to the Ar-CH2-N and O-CH2-N groups 
respectively134,136 and indicate the present of closed oxazine rings in both samples.  
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Figure 51 1H NMR spectra solvent-free synthesis, BA-apa_SL (400 MHz, DMSO-d6, Ref = TMS). 
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Figure 52 1H NMR spectra from standard synthetic synthesis, BA-apa_SY (400 MHz, CDCl3, Ref = TMS). 
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Further down the spectrum at around 6.6-7.4 ppm are groups of aromatic proton signals. 
These protons are well defined for the product resulting from the solvent-free reaction so 
that the assignment of each proton are possible, but not in the spectrum resulting from 
the product of the reaction in dioxane which shows broad peaks underneath. 
Ishida and Dunkers using the Varian XL200 in 1995 reported peak positions of a 
benzoxazine dimer137. Most peaks in the work were reported to be close to 1 ppm to the 
chemical shifts reported in this work and the errors might be due to the different product 
synthesised in their work. Upon polymerisation, products with methylene bridge and 
phenol groups will be formed (labelled * and ** respectively in Figure 53). Ishida and 
Dunkers reported that the NMR peak for the methylene bridge of open ring products 
occurs at 3.68 ppm137. Taking into account the uncertainty, a small peak at 4.94 ppm in 
Figure 51 can possibly be assigned to the methylene bridge and that suggests that a small 
amount of the oxazine ring has undergone ring opening polymerisation. Traces of 
benzoxazine derivatives are also present based on the detection of  a peak at 8.31 ppm in 
the BA-apa_SL which can be linked to the methine proton resonance between the 
nitrogen and aromatic ring in an imine (imine is one of the benzoxazine polymerisation 
derivatives)48.  
There are two ways of calculating the percentage of closed oxazine ring formed in both 
methods. The first way is by calculating the ratio of the oxazine peak integral values 
(highlighted in (5) and (6) in ) to the methylene bridge of the ring-opened structure 
(highlighted as (*) in Figure 53)138 and the second method is by calculating the ratio of 
the oxazine peaks integral values to the iso-propylidine linkage. The calculated ratio 
between the respective peaks in BA-apa-SL via both methods give close values of 91 % 
and 98 %, and this suggests the presence of a significantly high concentration of closed 
oxazine species in BA-apa-SL. The first calculation method however, cannot be applied 
to BA-apa_SY as no signal of methylene was recorded in its NMR spectrum. Upon 
calculation via the second method, it was found that the BA-apa_SY contains less than 
50 % oxazine ring.  
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Figure 53  Ring opening polymerisation of BA-apa. 
Figure 54 compares the spectra of BA-apa from standard synthetic and solvent-free 
methods. Comparing the two, the solvent-free route produces a spectrum with better 
resolution and sharp peaks compared to the synthetic method for the same sample 
concentration. This is particularly obvious in the peaks that correspond to the aromatic 
group at around 6.5 to 7.2 ppm. It is very difficult to assign the BA-apa-SY aromatic 
peaks to the seven aromatic protons on the structure due to the mixed signals although 
the total integral values agree with the proposed structure. BA-apa-SY also shows a 
spectrum with broader peaks at 1.5 ppm and 3.05 ppm when sharper peaks assigned to 
the same protons were obtained in BA-apa-SL and this is consistent with the 
literature79,99,135.  
 
Figure 54 Stacked spectra of BA-apa_SY (above, in green) and BA-apa_SL (below, in 
red). Solvents and water impurity signals labelled as X. 
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6.3.1.3 13C NMR 
The 13C NMR spectrum of BA-apa_SL is displayed in Figure 55. Due to the very low 
signal-noise ratio in the BA-apa_SY spectrum, it is not included in this section, but 
attached in APPENDIX F for reference. In general, most of the expected peaks are 
present in both spectra, although some are not very clear in the BA-apa_SY spectrum 
due to the high background noise. Peaks assigned to the aliphatic carbons of the bisphenol 
linkage are seen upfield, followed by oxazine ring carbons which were shifted downfield 
due to the deshielding effect from nitrogen and oxygen. Most aromatic carbons were 
clustering between ~114 to 129.5 ppm and finally further down the spectrum are aromatic 
carbons at the position 16 and 7 due to the proximity of nitrogen and oxygen. All peaks 
have been assigned using first principles calculation and most of them, particularly the 
aromatic and oxazine carbons are confirmed by the literature109,136,139. There are a few 
unassigned peaks in Figure 55 which indicate the presence of contaminants and low level 
polymerisation.   
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Figure 55 13C NMR spectrum of BA-apa_SL (400 MHz, DMSO-d6, Ref = TMS).
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6.3.1.4 LC-MS 
The product of BA-apa_SL synthesis was later characterised further using LC-MS. The 
MS chromatogram confirms the formation BA-apa_SL based on the detection of 
fragments with m/z 510-511 attributed to the desired monomer. It was also confirmed 
that the monomer has gone through some polymerisation based on the detection of 
fragments of m/z of 628-629 corresponding to the product of ortho-position 
polymerisation. Table 42 shows the other possible fragments formed during ionization 
based on their mass to charge ratio (m/z) detected by MS. The MS spectra are attached 
in Appendix H. 
Table 42 Possible fragments based on mass to charge ratio (m/z) obtained from MS. 
m/z Structures 
91.1 
 
118.1 
 
241.1 
242.1 
 
259.1 
 
271 
      
 CHAPTER 6: Benzoxazines Synthesis and Materials Characterisation 
127 
 
m/z Structures 
370.1 
    
      
 
484.9 
 
511.3 
512.3 
 
628.3 
629.2 
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6.3.2 BO-ba 
BO-ba monomer is the product of the reaction between paraformaldehyde, 4,4’-
oxydiphenol and benzylamine. This monomer was synthesised via the solvent-free 
method. 
6.3.2.1 FT-IR 
The FT-IR spectrum in Figure 56 (c) shows clear signals indicating the successful 
formation of benzoxazine monomer. The disappearance of the broad O-H absorption 
band at ~3300 cm-1, the O-H bending at 1364 cm-1 and the C-O signal attributed to the 
primary alcohol suggest that all hydroxyl groups have been reacted, and the presence of 
a new peak at 1245 cm-1 corresponds to the C-O-C stretch133 which indicates that the 
oxazine ring was formed in the reaction. The spectrum also shows the sign of reacted 
benzylamine based on the disappearance of the double peaks at 3370 and 3291 cm-1 
attributed to N-H primary amine asymmetric stretching and the broad absorption at 908-
860 cm-1 due to the N-H primary amine wagging. The formation of benzoxazine was also 
supported by the C-H tri-substituted benzene ring wagging giving a peak at 926 cm-1 
48,98,133.   
6.3.2.2 1H NMR  
Figure 57 shows the proton NMR spectrum of BO-ba. A singlet peak at 3.91 ppm with 
an integral of 4 is assigned to the Ar-CH2-N (position 4) and the N-CH2-Ar linkage 
(position 6), whose peaks overlap. Another singlet peak at 4.84 ppm is assigned to the 
O-CH2-N methylene groups. The ratio of protons at positions 4, 5 and 6 is correct at 1:1:1 
as found in the monomer structure, therefore it is believed that BO-ba has been formed 
and no ring opening polymerisation has taken place. A singlet at 6.56 ppm is assigned to 
the aromatic proton at position 1 whilst another singlet at 6.78 ppm with ~2 integral value 
is assigned to the aromatic protons at position 2 and 3 which occupy similar 
environments. Finally, multiplet peaks at 7.27-7.35 ppm correspond to the five protons 
(5H) on the benzyl rings140.  
A broad peak at 1.25-1.31 ppm (with * label) was first thought to be the –NH2 signal of 
unreacted benzylamine. However this peak is of a different shape from the one which 
appeared in the benzylamine spectrum (a sharp singlet) and was shifted from 1.40 ppm 
to the broad 1.25-1.31 ppm. It is also doubtful that benzylamine is present as there is no 
singlet peak of similar integral value at 3.85 ppm corresponding to the unreacted proton 
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of the methylene (see Appendix G for 1H NMR spectrum of benzylamine). Therefore, it 
is unlikely that the peak labelled * belongs to the benzylamine but might correspond to 
the formation of side products from the reaction. A small multiplet peak labelled ** at 
6.85-6.88 ppm indicates the presence of unreacted diphenol which was calculated to be 
in a low proportion (4 %). 
6.3.2.3 13C NMR 
The 13C NMR spectrum of BO-ba (Figure 58) appeared to have all expected peaks in the 
BO-ba structure. The peaks were assigned using first principle calculations (which were 
determined empirically based on experimental comparison) and most of the signals are 
very similar to those for BA-apa, particularly with regards to the oxazine ring carbon and 
aromatic carbon atoms.  
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 Figure 56 FT-IR spectrum of (a) 4,4’-dioxyphenol, (b) benzylamine and (c) BO-ba. 
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Figure 57 1H NMR spectrum of BO-ba (400 MHz, CDCl3, Ref = TMS). 
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Figure 58 13C NMR spectrum of BO-ba (400 MHz, CDCl3, Ref = TMS). 
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6.3.2.4 LC-MS 
The product of BO-ba synthesis was later further characterised via the LC-MS. The MS 
chromatogram confirms the formation BO-ba based on the detection of fragments with 
m/z 443 and 453 attributed to the product of opened and partially opened oxazine ring of 
BO-ba. The spectroscopy also detected some other fragments formed during the 
ionization stage as shown in Table 43. The MS spectra are attached in Appendix I. 
Table 43 Possible fragments based on mass to charge ratio (m/z) obtained from MS. 
m/z Structures 
92.1 
91.1  
108.1 
 
120.1 
 
121.0 
 
215.1 
 
227.1 
 
242.3 
 
317.1 
 
335.1 
334.0 
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m/z Structures 
 
442.3 
441.2 
 
453.3 
  
 
6.3.3 22BZ-apa  
BZ-apa monomer is a novel benzoxazine and is the product of reaction of 
paraformaldehyde, 2,2’-dihydrobenzophenone and 3-ethynylaniline. This reaction 
however was not as straightforward as the other two syntheses. Several attempts were 
made to produce a clean and relatively pure monomer including utilising flash 
chromatography to separate the different components in the product mixture.   
There is no reference in the literature as to which method works best for this synthesis. 
However the solvent-free method has been reviewed in the literature to be a better option 
in producing benzoxazine monomer with less side products. Results described in Section 
6.3.1 also show that the solvent-free method was found to be successful in producing 
BA-apa with a better closed oxazine ring percentage, therefore the same approach was 
used in synthesizing this benzoxazine monomer.  
6.3.3.1 1H NMR  
The 1H NMR spectrum of the washed product (Figure 59) suggests the presence of a 
closed oxazine ring based on the peaks of equal integral at 4.72 ppm and 5.31 ppm 
assigned to the oxazine ring protons, four at the position 2 and four at the position 1. 
However, additional peaks at 4.86 ppm and 5.15 ppm (labelled as 2` and 1`) indicate the 
presence of contaminants with protons in similar environments to the ozaxine ring. Two 
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singlets at 3.04 and 3.07 ppm are assigned to acetylenic protons. The presence of two 
distinct peaks suggest that there are at least two compounds containing carbon-carbon 
triple bonds in the product mixture. Besides the desired product, 22BZ-apa, there are 
possibilities that the signals are due to the presence of imine (an intermediate product of 
the reaction), products from the keto form of the diol, products of the ring opening 
polymerisation or even unreacted 3-ethynylaniline. Further down the spectrum, at 6.8-
7.24 ppm are groups of multiplet peaks representing the protons on the aromatic rings. 
Most of the clustering peaks are too close to each other and some are overlapped with 
neighbouring peaks which makes it very difficult to assign them to any specific protons. 
At the very end of the spectrum, at 12.11 ppm is a singlet peak that can be assigned to 
the opened ring product, phenol undergoing intermolecular hydrogen bonding133.  
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Figure 59 1H NMR spectrum of 22BZ-apa (400 MHz, CDCl3, Ref = TMS) synthesised via solvent-free synthesis.  
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The presence of unrecognised peaks in the 22BZ-apa 1H NMR spectrum suggests that a 
reasonable amount of contaminants are present in the product, potentially polymerisation 
derivatives, intermediates (imine) and unreacted reagents. This is thought to be due to 
the lower reactivity of the hydroxyl groups of the bisphenol whose lone pairs are 
delocalised into the ketone, illustrated as a keto-enol tautomeric equilibrium in Figure 
60. 
 
Figure 60 The keto-enol interconversion of 2,2’dihydrobenzophenone. 
In general, this equilibrium lies towards the keto form as it is much more stable at room 
temperature84,141. However in the case of 2,2’-dihydrobenzophenone, both forms are 
stabilized by intramolecular hydrogen bonding (annotated by single dashed bonds in 
Figure 60). It is therefore believed that both enol and keto structures are present as a 
mixture, i.e. some keto form of the bisphenol reacts with the reagents as C=O instead of 
C-OH. The products of this side reaction can further react with other compounds present 
in the mixture and this propagates the potential side products formed in the reaction.   
6.3.3.2 Flash Chromatography 
The possibility of separating 22BZ-apa from the product mixtures to make a purer sample 
was explored. Thin layer chromatography (TLC) was been used in an attempt to find the 
best solvent mixture to facilitate separation of the compounds (Figure 61).  
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Given that optimum separation was obtained with the solvent system 8:0.5:3 
DCM:EtOAc:Pet. Ether by TLC, it was chosen for the flash separation with the gradient 
elution shown in Table 44.  
Table 44 The flash column chromatography elution gradient for 22BZ-apa 
separation. 
8.0:0.5 DCM:EtOAc ratio (%) 0 2 5 10 50 70 100 
Petroleum ether (%) 100 98 95 90 50 30 0 
Column Volume (CV) 2 1 3 2 3 5 2 
 
An aliquot of each fraction was tested on TLC using the 8:0.5:1.5 DCM:EtOAc:Pet Eth 
mobile phase before being observed under UV radiation at 254nm. As can be seen in 
Figure 62, spots start to appear as a mixture of two compounds at the fraction 42 and this 
continues until fraction 69 (Flash A). A more separated compound was found as a single 
spot from fraction 73 to fraction 78 (Flash B) and finally the final spot appeared at 
fraction 79 to 90 (Flash C). The first two spots in Flash A appear very close to each other 
with Rf less than 0.3 between spots so that the gradient programme was unable to separate 
them. The samples were then analysed using FT-IR by placing a small amount on the 
FT-IR window to identify the presence of 22BZ-apa in any of the samples.  
Figure 61 Illustration of TLC analysis of 22BZ-apa mixtures in various solvent 
systems. 
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Figure 62 TLC analysis of flash column chromatography fractions 40-90. 
6.3.3.3 FT-IR of Flash A, B and C 
Figure 63 displays the spectra produced from FT-IR analysis of the flash purified 
samples. As can be seen, the spectrum of Flash A and C match very closely to the IR 
spectra of BA-apa suggesting these samples have similar structures to a benzoxazine, 
with the presence of acetylene related stretching bands (at around ~3200 cm-1 and 2107 
cm-1), C-O-C absorption bands at ~1200 cm-1 and C-H wagging on a tri-substituted ring 
which are characteristic of an oxazine ring. However, the broad absorptions at ~600 cm-
1 in both Flash A and C spectra suggest the possibility of remaining 3-ethynylaniline 
present in the samples. Both samples were further investigated using NMR spectral 
analysis to ascertain if the samples contain the desired product, 22BZ-apa. 
6.3.3.4 1H NMR of Flash A and C  
1H NMR spectra of samples from Flash A and C are shown in Figure 64 and Figure 65. 
The 1H NMR spectrum of Flash A samples suggests the presence of an oxazine ring in 
the sample based on a single peak at 4.05 (assigned to a proton at position 1) and two 
peaks of the same integral values at 4.92 and 5.42 ppm which correspond to protons at 
positions 2 and 3. However the presence of other unidentified peaks also suggests that 
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the 22BZ-apa has not been successfully separated from the mixture as it contains 
contaminants and impurities. On the other hand, the sample from Flash C shows mainly 
solvent peaks with no sign of the desired benzoxazine, not even traces of aromatic 
protons. It only has a single peak at 5.75 ppm possibly from dichloromethane. Based on 
the NMR analysis, it can be concluded that although there are signs that 22BZ-apa has 
been formed during the reaction, the work of separating it from the mixture and forming 
a pure 22BZ-apa sample was unsuccessful. 
 
 
 CHAPTER 6: Benzoxazines Synthesis and Materials Characterisation 
141 
 
 
Figure 63 FT-IR spectrum of (a) Flash A (fractions 42-69), (b) Flash B (fractions 73-78) and (c) Flash C (79-90).
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Figure 64 1H NMR spectrum of Flash A (400MHz, DMSO-d6, Ref = TMS). 
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Figure 65 1H NMR spectrum of Flash C (400MHz, DMSO-d6, Ref = TMS). 
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6.4 Summary   
FT-IR spectroscopy confirmed that all the expected absorption bands characteristic of 
benzoxazines are present in every synthesised product including BA-apa from both 
synthesis routes, BO-ba, as well as 22BZ-apa. In order to support the FT-IR analysis, 
NMR spectroscopy was used to verify that the samples not only have the benzoxazine 
structure, but also have the correct structure of a specific benzoxazine monomer. NMR 
analysis showed that some samples have a very good % of oxazine ring while some others 
contain impurities and unidentified compounds in the mixture. In addition to FTIR and 
NMR spectroscopy, LC-MS technique was also used to confirm the presence of the 
expected fragments correspond to the BA-apa and BO-ba. 
The solvent-free route was proven to produce BA-apa with a higher % of closed oxazine 
ring and a more defined, better NMR spectrum than the BA-apa from the solvent 
synthesis. Following the success of the solvent-free method in BA-apa synthesis, the 
method was applied to the synthesis of BO-ba and 22BZ-apa. The method worked very 
well for BO-ba but not 22BZ-apa. The product formed from solvent-free synthesis of 
22BZ-apa contains a mixture of too many side products and contaminants, and an attempt 
to separate 22BZ-apa from the mixture by chromatography was unsuccessful.
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CHAPTER 7 
 
Thermal Analysis and Experimental 
Validation on QSPR Models 
 
7.1 Introduction 
Chapter 7 utilises the differential scanning calorimetry (DSC) and thermogravimetric 
analysis (TGA) techniques in exploring the stages of polymerisation in BO-ba and BA-
apa monomers and examining the thermal properties of cured BO-ba and BA-apa. The 
cured materials will be referred as poly(BO-ba) and poly(BA-apa) hereafter. The DSC 
technique offers detailed information on the polymerisation behaviour and temperature 
at which the polymerisation occurs. The temperature program applied in this study is the 
‘heat-cool-heat’ approach, in which the monomers were heated from room temperature 
to 800 oC, left to cool to room temperature and reheated for the second cycle to 800 oC. 
This particular technique also very practical in estimating the kinetic parameters of the 
polymerisation reaction by conducting the experiments at different heating rates as well 
as useful in determining the polymer degree of cure with respect to a specific curing 
schedule.  
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TGA provides information about the thermal stability of a material. It records mass loss 
events throughout a degradation process and the remaining char yield at the end of the 
degradation. The degradation of a polymer is very much dependent on the degradation 
atmosphere and the polymerisation atmosphere. In some cases where the degradation 
stages are not clearly displayed in the TGA thermogram, the derivative curve of the 
thermogram plays an important role in providing information on how the degradation 
proceeds upon heating including the rate of weight loss in each degradation stage. 
At the end of this chapter, the recorded char yield of poly(BO-ba) and poly(BA-apa) via 
TGA experiment will be compared to the prediction done by the GM, Ace-M and Ph-M 
models generated in Chapter 5 (which is also referred as the calculated char yield) as part 
of the validation process of the QSPR models. The prediction accuracy is measured by 
the closeness between the experimental and predicted values. 
7.2 Differential Scanning Calorimetry (DSC) 
7.2.1 DSC Repeatability 
Repeatability is an analytical tool to measure the closeness (precision) of a set of replicate 
measurements done under the same conditions. It is determined using the standard 
deviation (SD) and relative standard deviation (RSD). The RSD is the normalised SD in 
which the SD is divided by the mean of the measurements and can be presented as in %. 
RSD is very useful in comparing data sets of different magnitude or values. Table 45 
shows the repeat schedule done on the DSC equipment. Tm is the BO-ba monomer 
melting temperature, Tmax is the highest point of the exothermic peak and Ep is the 
polymerisation energy. The repeats were done on different days and as can be seen in the 
table, they have a consistent reading with less than 0.5 % RSD in Tm and Tmax. The 
thermograms of the DSC repeats are attached in the Appendix J.  
Table 45 The repeatability schedule on DSC instrument done using BO-ba monomer. 
Repeats Tm (oC) Tmax (oC) Ep (J/g) 
Run 1 161.06 242.57 136.90 
Run 2 161.82 241.48 132.50 
Run 3 161.36 243.21 131.20 
Standard Deviation 0.38 0.87 2.99 
Relative Standard Deviation (%) 0.24 0.36 2.24 
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7.2.2 Analysis on DSC Thermogram 
The DSC thermogram of BO-ba shown as a red line and BA-apa as a blue line are shown 
in Figure 66. Heat was released during polymerisation (thus appears as an exotherm in 
the thermogram) and the temperature at which the monomer starts to polymerise is 
known as the polymerisation onset temperature, Tonset. The red line thermogram shows 
an endothermic peak corresponding to the monomer melting transition at around 162 oC 
and a symmetric polymerisation peak over the range of 196-277 oC with Tmax at 242 
oC. 
The BO-ba polymerisation starts at a higher temperature than the BA-apa because of its 
high crystalline structure and high melting point so that the monomer needs to get melted 
and to be in the molten state before the polymerisation starts. Unlike BO-ba, BA-apa 
(blue line) does not display any visible melting point although it appears as a solid at 
room temperature. This may be due to a low degree of crystallinity in BA-apa and 
therefore very little energy is needed for it to melt. It is noticed that there is a small 
exothermic hump on the blue line at 113 oC that may indicate the evaporation process of 
water out from the sample.  
BA-apa polymerisation starts at a lower temperature (165 oC) with an asymmetric 
exothermic peak and Tmax recorded at 221 
oC. The asymmetric peak can be related to the 
oxazine ring opening polymerisation and the ethynyl addition polymerisation that occur 
simultaneously, within the same temperature range and hence both polymerisation peaks 
are highly overlapped with each other99,142 as shown in the asymmetrical peak 
deconvolution in Figure 67.  
 
Figure 66 The DSC thermogram of BA-apa and BO-ba on the first heating cycle (room 
temperature to 300 oC at 10 oC/min). 
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On another note, Figure 66 shows that the asymmetric peak of the BA-apa does not settle 
on the baseline and this can be rationalised to either the post cure exothermic reaction as 
mentioned in Liu et.al134 and Kim et.al99 or simply indicates the ongoing polymerisation 
that has yet to be completed. The post cure reaction is referring to the cis-trans structural 
changes of  the reacted ethynyl groups and this typically occurs at around 300 oC99, 360 
oC134 and 370 oC99. Considering the two possibilities, it is more likely that the latter option 
happens as the peak deconvolution in Figure 67 clearly shows that the second 
polymerisation (green line) is partially completed and the sample could be left at a higher 
temperature to promote completion. However this cannot be done as increasing the 
temperature to above 300 oC is increasing the risk of having material decomposing in the 
DSC instrument.  
 
Figure 67 The deconvolution of the BA-apa Heat 1 asymmetrical peak showing two 
polymerisation reactions occur simultaneously.  
The fact that the exothermic peak of the acetylene-based benzoxazine is shifted to lower 
temperature as compared with that of non-acetylenic benzoxazine is consistent with the 
curing behaviour of other analogous benzoxazine monomers found in the literature, such 
as MBZ-a and MBZ-apa135 as well as BB-a and BB-apa134. These four benzoxazines were 
not part of the training set, but were referred in this section purely to demonstrate the 
effect of ethylnyl groups onto benzoxazines’ polymerisation temperature. MBZ-apa and 
BB-apa start to polymerise at a lower temperature and this suggests the big role played 
by the ethynyl groups in promoting and facilitating the polymerisation process134. This 
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fact however is yet to be proven and further work is needed to confirm it. On top of that, 
the LC-MS spectrum of BA-apa in Chapter 6 indicates the present of polymerised 
monomer and potentially other impurities in the mixture and it has been reported that 
those compounds may also contribute to the lower polymerisation temperature by 
catalysing the ring opening polymerisation46.  
The area under the exothermic peak represents the amount of heat/energy given out 
during the polymerisation. The BA-apa released more heat (473.6 J/g), almost quadruple 
the amount of heat released by the BO-ba (136.9 J/g). This is not surprising as the BA-
apa has two reactive groups i.e. oxazine ring and ethynyl polymerising at the same time 
compared to the BO-ba which only has oxazine polymerisation going on in the sample 
(the DSC thermograms obtained from the instrument are attached in the Appendix K).  
The second heating cycles of the DSC experiments are shown in Figure 68. This repeat 
cycle is particularly useful in identifying any incomplete polymerisation from the first 
heating and to study the glass transition temperature, Tg of the cured materials. Any 
incomplete polymerisation will show up as another exothermic peak at a similar 
temperature. The blue line represents the BA-apa and it apparently shows a small 
exothermic hump as in the first heating cycle, but at a higher temperature (125 oC). There 
is also another exothermic reaction at around 275 oC which is believed to be the 
continuing polymerisation reaction from the first heating cycle. The fact that this 
polymerisation started at a higher temperature compared to the first heating cycle is due 
to the presence of a complex polymer network within the structure and that more energy 
(and heat and therefore the higher temperature) is needed for the active groups to 
rearrange themselves to further polymerise. We would expect both cured BA-apa and 
BO-ba to show glass transition temperatures as it always does in most cured materials 
but this does not happen in both polybenzoxazines (Figure 68). However, this observation 
is quite common for polybenzoxazines as they sometimes have Tg of more than 300 
oC78,99, which can only be detected if the materials were left in the DSC at a much higher 
temperature.  
 CHAPTER 7: Thermal Analysis and Experimental Validation on QSPR Models 
 
150 
 
 
Figure 68 The DSC thermogram of BA-apa and BO-ba on the second heating cycle (room 
temperature to 300 oC at 10 oC/min). 
7.2.3 Curing kinetics 
A study on the curing kinetics of BA-apa and BO-ba can be carried out by running the 
differential scanning calorimetry (DSC) experiments over a series of different heating 
rates134. The 10 oC/min heating rate used in the previous section is the standard heating 
rate used in our laboratory. In order to investigate the kinetics of the cure process, the 
heat-cool-heat curing cycle (samples were heated from room temperature to 300 oC, left 
for cooling to room temperature and were heated again to 300 oC) was done over heating 
rates of 5, 10, 15 and 20 oC/min. It can be observed in Figure 69 and 70 that the highest 
points of the polymerisation peaks, Tmax were shifted to a higher temperature as the 
heating rate was increased. This is due to the thermal inertia (thermal lag)134, in which 
the increase in the temperature is too rapid at a higher heating rate that the instrument is 
only able to pick up the change in the heat flow at a higher temperature after it happened.  
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Figure 69 DSC thermograms of BA-apa for heating rates 5, 10, 15 and 20 oC/min. 
 
Figure 70 DSC thermograms of BO-ba for heating rates 5, 10, 15 and 20 oC/min. 
Polymer systems, as in this work, are classed as heterogeneous systems due to the cross-
linking density, degree of orientation, functional group concentration, including the 
presence of unreacted monomer that makes the system chemically and physically 
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heterogeneous96. The progress of the reaction can be monitored via DSC by taking into 
account the rate of change of heat evolved or consumed over the reaction interval, as a 
function of temperature. The general expression of the rate of reaction of a heterogeneous 
system (Equation 16) and the Arrhenius equation (Equation 17) are presented below. 
dα(t)
dt
= k(T)f[α(t)]h(α, T)  Equation 16 
k = A−
E
RT    Equation 17 
α is the measured property and the function h (α,T) is often taken to be equal to 1 with 
little justification for this approximation and f[α(t)] is presumed to be (1-α)n, where n is 
the reaction order and assumed to remain constant for the whole reaction96. Substituting 
the Arrhenius equation into the rate of reaction equation will give the equation as follow 
(Equation 18). 
dα(t)
dt
= A−
E
RT(1 − α)n   Equation 18 
Under dynamic conditions, where the temperature of the sample is assumed to be equal 
to the temperature of the furnace, and that the heat is supplied under constant heating 
rate, Φ, the equation above becomes as below (Equation 19). 
dα
(1−α)n
=
A
Φ
−
E
RT dT    Equation 19 
The above equation was solved via the differential method as proposed by Kissinger 
(Kissinger Method)143 and the integral method as proposed by Ozawa (Ozawa 
method)144. Both kinetic analysis methods have been applied in this study to determine 
the cure kinetics of BA-apa and BO-ba. These two methods are chosen because they are 
suitable for non-isothermal systems and do not require any knowledge of the prior 
reaction mechanism to measure the kinetic parameters.  
The Kissinger method relates the maximum temperature of the exothermic peak (Tmax) 
obtained from each heating rates (β) to the polymerisation activation energy (Ea) through 
Equation 20. By plotting a graph of ln (
β
T2max
) vs. 
1
Tmax
, one can calculate for the Ea and 
the Arrhenius pre-exponential factor, A from the slope and intercept of the straight line 
graph145. The R in the Equation 20 represents the universal gas constant, 8.314 J/mol and 
Tmax is presented as a form of absolute temperature in Kelvin (K).  
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ln (
β
T2max
) = ln (
AR
Ea
) − 
Ea
RTmax
    Equation 20  
Similar to the Kissinger method, the Ozawa method provides an alternative method to 
calculate the activation energy by relating the logarithm of heating rate, β to the 
maximum exothermic peak, Tmax (Equation 21). The activation energy can be calculated 
from the slope of the straight line shown in Figure 72.  
ln β = −1.052 (
Ea
RTmax
)    Equation 21  
All calculated results from the Kissinger and Ozawa methods are presented in Table 46. 
Both Kissinger and Ozawa methods calculate the activation energy, Ea of the BA-apa and 
BO-ba very closely with less than 5% error. The activation energy of the BO-ba is quite 
high (104.08 kJ/mol) when compared to a very common non-polymerisable side group 
benzoxazine, BA-a (81-85 kJ/mol)146. It is also surprising that the BO-ba has a higher 
activation energy than the BA-apa when the BA-apa is expected to have a higher 
activation energy due to its bulky bisphenol linkage. The high activation energy in BO-
ba can be due to the high crystallinity in the monomer structure i.e. the molecules are less 
able to move (diffuse) thus an extra kick of heat is needed to initiate the polymerisation 
reaction. This fact rationalises the higher polymerisation temperature of BO-ba in 
comparison to the BA-apa as previously presented in Section 7.2.2. The straight line 
graph of Kissinger and Ozawa methods for both materials are displayed in Figure 71 and 
Figure 72. 
Table 46 BA-apa and BO-ba kinetic parameters calculated from the Kissinger and 
Ozawa methods.  
Sample 
Kissinger Method Ozawa Method 
Ea (kJ/mol-1) A (s-1) R2 Ea (kJ/mol-1) R2 
BA-apa 99.04 ± 1.34x10-14 1.45x1010 0.999 102.00 ± 0.27 0.999 
BO-ba 104.08 ± 0.50 1.72x1010 0.997 107.05 ± 0.50 0.997 
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Figure 71 Kissinger kinetic plots of BA-apa and BO-apa. 
 
Figure 72 Ozawa kinetic plots of BA-apa and BO-apa. 
 
7.2.4 Degree of Cure and Polymers Tg 
The degree of cure of a polymer can be determined via DSC by comparing the curing 
exotherm of a monomer to the exotherm of the polymer produced using a specific cure 
program. For example, BO-ba monomer gives a cure exotherm of 132.5 J/g when cured 
to completion via DSC and is compared to the residual cure exotherm (31.27 J/g) of a 
polymer sample cured in the laboratory using the cure program specified in Section 7.3.1. 
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The degree of cure of 76.4 % is satisfying considering no detailed study on the best curing 
schedule for this polymer is ever published on the literature (to the best knowledge of the 
writer) and no in depth experiment was included in this study on establishing the best 
curing schedule for this polymer. 
The same step was repeated on poly(BA-apa) but the exotherm peak of the cured polymer 
did not end at the baseline as it normally would, therefore no exotherm energy can be 
recorded. This continuous exotherm phenomenon can be attributed to the irreversible cis-
trans structural rearrangement of acetylene substituted polybenzoxazines as reported by 
Kiskan and Yagci which occurs at 170 oC and further inter- and intermolecular curing 
with a maximum at 221 oC45 (the trans structures will form linear chains whilst the cis 
structures will form non-linear chains). Figure 73 illustrates a diagram of thermally 
induced cis-trans isomerisation of acetylene substituted polybenzoxazines upon heating.  
 
Figure 73 Simplified thermally induced structural change in acetylene substituted 
polybenzoxazines45.   
It was mentioned towards the end of Section 7.2.2 that no Tg was detected during the 
second heating cycle in DSC thermograms of both polymers. However the opposite 
happens when the DSC thermograms of the laboratory-cured polymers are considered. 
There is an endotherm peak which corresponds to the Tg of poly(BO-ba) and poly(BA-
apa) at 135.33 oC and 129.46 oC during the investigation of the curing degree of the 
poly(BO-ba) and poly(BA-apa) (thermograms are attached in Appendix L). It is still 
unsure why DSC-polymerised polymers in Section 7.2.2 did not show Tg’s below 300 oC 
but it could be because of the different relative concentration of linkages formed in the 
crosslinked network under different atmospheres that influences their glass transition 
temperatures, Tg.   
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Table 47 Polymers degree of cure and their glass transition temperature, Tg. 
Polybenzoxazines 
Cure Exotherm (J/g) 
Degree of 
cure (%) 
Tg (oC) Monomer Cured 
Sample 
Poly(BO-ba) 132.5 31.27 76.40 135.33 
Poly(BA-apa) 473.6 N/A N/A 129.46 
 
7.3 Thermogravimetric Analysis (TGA)  
7.3.1 The Curing Stage 
 
Figure 74 Void-free cured poly (BO-ba) (left) and poly(BA-apa) (right). 
Both monomers were polymerised in air following a curing schedule introduced by 
Thompson108, forming poly(BO-ba) and poly(BA-apa) prior TGA analysis. Thompson 
in his work has discovered a curing schedule which has successfully formed a void-free 
cured polybenzoxazine, with no air bubbles in the polymer surface (Figure 74). That 
technique was then applied into this work with some temperature modifications to match 
the melting points of BA-apa and BO-ba. Both monomers full curing schedules are 
presented in Table 48 and 49.  
Table 48 Poly(BA-apa) curing schedule. 
Stages Action 
Stage 1 Melting at 100 oC for 10 mins. 
Stage 2 Degassing under vacuum at 100 oC for 40 mins. 
Stage 3 Degassing temperature increased to 120 oC, held for 45 mins. 
Stage 4 Degassing temperature increased to 125 oC, held for 45 mins. 
Stage 5 Sample moved to air-circulating oven, held at 145 oC for 10 mins. 
Stage 6 Temperature increased to 180 oC at 2K/min, held for 2 hours. 
Stage 7 Temperature increased to 200 oC at 2K/min, held for 2 hours. 
Stage 8  Oven turned off and sample left to cool overnight. 
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Table 49 Poly(BO-ba) curing schedule. 
Stages Action 
Stage 1 Melting at 170 oC for 10 mins. 
Stage 2 Degassing under vacuum at 170 oC for 40 mins. 
Stage 3 Degassing temperature increased to 172 oC, held for 60 mins. 
Stage 4 Sample moved to air-circulating oven, held at 175 oC for 10 mins. 
Stage 5 Temperature increased to 180 oC at 2K/min, held for 2 hours. 
Stage 6 Temperature increased to 200 oC at 2K/min, held for 2 hours. 
Stage 7 Oven turned off and sample left to cool overnight. 
 
Figure 75 shows the proposed network structure of poly(BO-ba) and poly(BA-apa).  The 
investigation on the effect of different degradation atmosphere on their degradation and 
thermal stability were carried out using the TGA technique.  
 
Figure 75 The proposed network structure of p(BO-ba) and p(BA-apa). 
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7.3.2 Poly(BA-apa) and Poly(BO-ba) Thermal Stability Under Nitrogen 
This section studies the thermal stability of cured poly(BA-apa) and poly(BO-ba) under 
nitrogen. The TGA experiment of each sample was done in three replicates and the 
thermograms of each repeat are presented in Appendix M. Figure 76 shows the TGA 
thermogram of Run 3 of both polymers for the sake of comparison. As can be seen in 
Figure 76, poly(BO-ba) starts to degrade at a much lower temperature at around 210-230 
oC while poly(BA-apa) is stable at a much higher temperature before it starts to degrade 
at nearly 400 oC. These temperatures at which these materials start to degrade is often 
referred as the onset temperature, Tonset.  
 
Figure 76 TGA and DTG thermograms of poly(BO-ba) and poly(BA-apa). 
Table 50 summarises the three TGA replicate data on both poly(BO-ba) and poly(BA-
apa). At the early degradation event, poly(BO-ba) degrades at a similar rate to the 
poly(BA-apa) degradation in that poly(BA-apa) shows an excellent 5 % and 10 % weight 
loss temperature at (average) 416.83 oC and 428.60 oC compared to the less thermally 
stable poly(BO-ba) which has its 5 % and 10 % weight loss temperature at (average) 
253.46 oC and 258.22 oC respectively. In general, the degradation event in poly(BA-apa) 
initially occurs at a higher rate and slows down when its residual weight reaches 60 % at 
around 500 oC, before it ended at 800 oC with an average of 56.28 % char. This char 
percentage is much lower than the reported 71 % and it is believed that the synthesised 
poly(BA-apa) can achieve that amount of char if it is left for further postcured 
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polymerisation at 250 oC for another 2 hours as mentioned in the literature1. The TGA 
curve of poly(BO-ba) on the other hand shows a clear two step degradation event with 
the first event occurring at around 210-230 oC followed by the second event at nearly 400 
oC before the degradation settled at 800 oC with the average of 44.35 % residual weight. 
It is expected that the poly(BA-apa) would have higher char due to the incorporation of 
the amine part of poly(BA-apa) into the cross-linked structure, while the benzylamine of 
poly(BO-ba) is dangling and gets evaporated easily (as previously shown in Figure 75).  
Table 50 TGA analysis data on poly(BO-ba) and poly(BA-apa). 
Sample Repeats 
Tonset 
(oC) 
Mass Loss Temperature (oC) 
Char Yield 
at 800 oC 
(%) 
Ave. 
5% Ave. 10% Ave. 
Poly(BO-
ba) 
1 230.50 254.30 
253.46 
259.15 
258.22 
44.23 
44.35 2 207.10 253.07 258.50 44.46 
3 211.35 253.00 257.00 44.36 
Poly(BA-
apa) 
1 388.00 416.50 
416.83 
429.00 
428.60 
56.46 
56.28 2 389.00 419.00 430.00 56.49 
3 379.00 415.00 427.00 55.91 
 
7.3.3 Stages of Thermal Degradation Based on TG Derivative Curves (DTG) 
In brief, the degradation event of polybenzoxazines generally proceeds in three stages 
although it is very much dependant on the amines and phenol incorporated in the 
structures. In most cases, the degradation starts with the evaporation of amines at a lower 
temperature around 260-280 oC, followed by the degradation of the phenolic backbone 
between 300-450 oC and finally the formation of the char and the release of other 
substituted benzene compounds at a higher temperature62,147. The ring opening 
polymerisation has introduced a polymer structure with a Mannich bridge throughout the 
system. It is often that molecules with Mannich bridges (-CH2-N(R)-CH2-) degrade at a 
moderate temperature due to the weaker C-N bond but this is not observed in most 
bifunctional polybenzoxazines. Most initial decomposition events of bifunctional 
polybenzoxazines occur at a higher temperature (at around 260 oC depending on their 
bisphenol linkages60) due to the presence of the intramolecular hydrogen bonding 
between the –OH and the nitrogen on the Mannich bridge in polybenzoxazines 
(illustrated in Figure 77)57,147. The hydrogen bonds form an energetically more stable six-
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membered ring and this formation stabilizes one of the C-N bonds on the Mannich 
base147.  
 
Figure 77 Proposed Mannich base cleavage in the presence of intramolecular 
hydrogen bond. 
The thermal degradation of poly(BA-apa) and poly(BO-ba) can be investigated by 
studying the TG derivative weight loss curve (commonly termed as DTG), with the mass 
loss with respect to temperature (dm/dT) plotted against temperature (or time). This curve 
provides information of how decomposition proceeds upon heating.  
The TGA and DTG curves of p(BO-ba) and poly(BA-apa) are shown in Figure 76 (TGA 
and DTG thermograms obtained from instrument are attached in Appendix N). The DTG 
curve of the poly(BO-ba) shows a distinct two-stage process centred at 275 oC and 400 
oC with the highest weight loss rate (DTGpeak) of 1.00 %/
oC at 275 oC. It is also noticed 
there could be a third degradation process going on at a higher temperature represented 
by the small hump at around 550 oC. The obvious low temperature weight loss 
phenomenon at around 275 oC is attributed to the loss of benzylamine compounds, 
followed by the decomposition of the phenolic backbone (Ar-O-Ar) and finally the 
degradation of char. The fact that the curves are distinct to each other reveals that the 
degradation transition between the reaction stages are smooth and they occur after one 
another.  
As to poly(BA-apa), it shows a broad-asymmetric one-stage weight loss process at 
slightly over 400 oC with the highest maximum rate of 0.4 %/oC. The broad one-stage 
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curve pattern and the temperature at which the maximum rate occurred at over 400 oC is 
consistent to its analogue –apa-based polybenzoxazine as reported in the literature135,148. 
The derivative peak at this temperature is broad, meaning the weight loss event is 
heterogeneous and involves simultaneous thermal degradation events including the 
cleavage of Mannich base, phenolic linkages and amines moieties (resulting in the release 
of unsaturated hydrocarbons)1, which make up to the high maximum weight loss rate of 
0.4 %/oC. The aromatic amine fragment of poly(BA-apa) is anchored by the polymerised 
ethylene moieties that stop the fragment from evaporating easily, resulting in the 
enhancement of the thermal stability1. This amine decomposition is overlapped with the 
main degradation event, which is the cleavage of the phenolic backbone (Bisphenol A) 
that occurs at above 400 oC147 and the degradation of char which usually takes place at a 
higher temperature. 
7.3.3.1 Derivative Curve Peak Fitting 
Overlapping degradation reactions which are sometimes difficult to resolve in TG may 
be more clearly resolved by peak-fitting the DTG curve. For instance, the derivative 
curve of poly(BA-apa) in Figure 76 shows an asymmetric curve with multiple shoulders 
due to the overlapped reactions between 375-550 oC. The peak deconvolution process 
was done via the Origin 9.0 software to isolate the potential curves, giving two individual 
peaks representing the two stage degradation events, centred at 400 oC and 480 oC as 
displayed in Figure 78. 
 
Figure 78 Peak fitting of poly(BA-apa) DTG thermogram. 
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7.3.4 The Effect of Different Degradation Atmosphere on the Degradation Process 
The degradation of poly(BO-ba) and poly(BA-apa) were also tested under air and the 
effect of the degradation atmosphere on the materials’ thermal stability were studied. 
Nitrogen and oxygen gas are an example of a non-interactive atmosphere and an 
interactive atmosphere. An interactive atmosphere plays a direct role in the reaction 
processes taking place in the sample96.  
The effect of an interactive atmosphere towards the thermal stability of poly(BO-ba) is 
clearly shown on the graphs below (Figure 79). Poly(BO-ba) was found to keep its three 
stage degradation pattern and retain its stability under oxygen at a similar temperature to 
when it was under nitrogen (both have the onset temperatures at below 250 oC). The 
material starts decompose at a lower rate as it was under nitrogen before it went through 
a sudden weight drop of nearly 60 % of its weight with only 50 oC temperature increase 
at around 450-500 oC before it further decomposed at around 500-650 oC leaving the 
remaining weight of less than 1 % at 800 oC.   
 
Figure 79 TGA thermograms of poly(BO-ba) degradation under nitrogen and air. 
In the case of poly(BA-apa), the polymer started to decompose at nearly 400 oC in both 
oxygen and nitrogen atmosphere (Figure 80). Although the reaction starts at almost the 
same temperature, both degradations exhibit an entirely different curve pattern. The 
degradation under air shows a multiple degradation stage. It was initially in a slower rate 
before it shoots up drastically at above 500 oC following completion at 650 oC with 0.17 
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% char remained. The TGA experiment on poly(BA-apa) was ended at 700 oC due to the 
very low sample remaining and no further degradation is expected to occur beyond the 
temperature. 
 
Figure 80 TGA thermograms of poly(BA-apa) degradation under nitrogen and air. 
In brief, the char yields of poly(BO-ba) and poly(BA-apa) significantly dropped from 
44.36 % and 55.91 % under nitrogen atmosphere to as low as 0.85 % and 0.17 % when 
burned in air. This phenomenon proposes that the presence of the reactive oxygen gas 
facilitates the degradation process of both polymers. The summary of the TGA analysis 
on both polymers are presented in Table 51 and the thermograms of the TGA experiments 
under air are attached in Appendix O. 
Table 51 TGA analysis results on poly(BO-ba) and poly(BA-apa). 
Materials 
T5% (oC) T10% (oC) 
Char yield at 800 oC 
(%) 
N2 Air N2 Air N2 Air 
Poly(BO-ba) 253.00 255.52 257.00 262.85 44.36 0.85 
Poly(BA-apa) 415.00 398.56 427.10 402.02 55.91 0.17 
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7.4 Char Yield Comparison: Experimental vs. Prediction 
Following the successful determination on the experimental char yields of poly(BO-ba) 
and poly(BA-apa), experimental validation on the generated QSPR models are going to 
be the next validation step in evaluating the predictivity of the models. In this section, 
GM, Ace-M and Ph-M which were generated in Chapter 5 will calculate the predicted 
char yield data on the newly-synthesised polybenzoxazine, poly(BA-apa) and a novel 
polybenzoxazine, poly(BO-ba), and these values will be compared to the polymers’ 
experimental char yield obtained from TGA analysis to measure their prediction 
accuracy. The models were developed based on char yields obtained from air 
polymerised polymers (of various curing schedules), burned in nitrogen (at various 
heating rates). Therefore in evaluating the models, the char yield of poly(BO-ba) and 
poly(BA-apa) were prepared in the similar manner to the training set polybenzoxazines 
(air polymerised and burned under nitrogen) to provide close comparison between the 
prediction and the experimental char yield of both polymers.  
Being a novel polybenzoxazine, there is not yet any char yield data on poly(BO-ba) that 
has been reported in the literature to compare the quality of the poly(BO-ba) obtained in 
this work. However it is safe to mention that the correct monomer was successfully 
synthesised based on the monomer characterisation in Chapter 6. It is also worth to 
disclose that the char yield of poly(BO-ba) falls within the range of non-reactive-amine 
polybenxozazines char yields, which is expected as it has the dangling benzylamine 
attached to the nitrogen of the Mannich bridge. Poly(BO-ba) is likely to have a char yield 
which is slightly higher (which it is) in comparison to the very common aniline-based 
polybenzoxazine, BA-a (which is known to have 32 % char99) due to no weak iso-
propylidene linkage present in poly(BO-ba).  
The prediction data on poly(BO-ba) char yield was performed on both the GM and Ph-
M QSPR models and both models predict the char yields to be 51.12 % and 38.48 % 
respectively while the experimental data obtained is 44.35 % char. The GM model 
predicts the value to be higher than the experimental whilst the Ph-M predicts the 
opposite. Although that is the case, both predictions predict the char yield closely with 
deviation of 5.87 and 6.77 from the 44.35 % experimental char yield.    
Experimental validation on poly(BA-apa) is not a validation on an entirely new 
compound because it is one of the polybenzoxazines used in the training set which has 
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been synthesised and published in the literature by Ishida and his co-workers since 19991. 
It was synthesised as an additional polybenzoxazine to the poly(BO-ba) and was used as 
a comparison to the novel polymer during DSC and TGA analysis in exploring the 
thermal properties of poly(BO-ba). It has been mentioned earlier in previous sections that 
the synthesised poly(BA-apa) produced nearly 15 % less char than the one previously 
reported in the literature1 due to the shorter curing programme. Char prediction was done 
by GM and Ace-M models with 72.58 % and 71.31 % char respectively, with deviation 
of more than 15 % error in comparison to the poly(BA-apa) 56.28 % experimental char. 
Taking into account the error in the poly(BA-apa) experimental value, the GM and Ace-
M models have actually performed a very close prediction to the 71 % char as reported 
by Ishida and his group1. Table 52 summarises the poly(BO-ba) and poly(BA-apa) 
experimental char yield and the prediction data performed by GM, Ace-M and Ph-models 
including their errors. The calculation for each predictions are attached in Appendix P. 
Table 52 Experimental and prediction data on the char yield of poly(BO-ba) and 
poly(BA-apa). 
Materials 
Experimental 
char yield 
(average)  
(%) 
Char yield prediction data and prediction errors 
GM 
prediction 
(%) 
Errors 
Ace-
M 
(%) 
Errors 
Ph-
M 
(%) 
Errors 
Poly(BO-
ba) 
44.35 51.12 6.77   38.48 5.87 
Poly(BA-
apa) 
56.28 72.58 16.30 71.31 15.03   
 
7.5 Summary  
DSC thermograms of BA-apa confirmed that the monomer has gone through two 
simultaneous polymerisation reactions between 165 oC to 300 oC; the benzoxazine ring 
opening polymerisation and the ethynyl addition polymerisation while BO-ba only 
experienced ring opening polymerisation. It was also proposed that the lower 
polymerisation temperature in BA-apa could be attributed to the presence of ethynyl 
fragments and impurities that facilitate and catalyse the polymerisation reactions. In 
addition to that, kinetic study found that the activation energy of BO-ba is 5 kJ higher 
that the BA-apa hence the higher polymerisation temperature as the BO-ba needs more 
energy to initiate the polymerisation. The DSC thermogram of cured poly(BO-ba) has 
confirmed that the curing schedule adapted from a method introduced by one of the 
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former postgraduates in this department has successfully cured 76.4 % of the sample, 
however the same measure on poly(BA-apa) was unable to be determined due to the 
isomerism and structural changes peak that proceeds over the 300 oC experiment 
temperature. 
It has also been confirmed by TGA analysis that poly(BO-ba) degradation starts at a 
lower temperature than poly(BA-apa) which relates to the evaporation of benzylamine at 
low temperature. The polymer possibly went through three weight loss events before it 
finally settled at 800 oC with an average 44.35 % char. On the other hand, poly(BA-apa) 
with amines fragment incorporated within the crosslinked structure, displays a better  
thermal resistance in that it degrades at approximately 400 oC and forms a  good amount 
of char yield (average 56.28 %). However the char yield of both polymers were dropped 
significantly to less than 1 % when they were burned in air.   
Experimental validation on GM, Ace-M and Ph-M were done by comparing the 
experimental char yield of poly(BO-ba) and poly(BA-apa) to the predicted char yield 
calculated by the models. It was found that GM and Ph-M models have predicted the 
char yield of poly(BO-ba) very well with only 5 - 7 % error while poly(BA-apa) was 
predicted close to the char yield data published in the literature by GM and Ace-M models 
and deviates more than 15 % to the experimental char yield produced in this work. 
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Conclusion and Suggestions for 
Future Work 
 
8.1 Thesis Conclusion 
Chapter 4 has shown the quality and the potential error of around 14 % were expected 
when working with a secondary data set. Besides that, it was found that the QSPR models 
were not much affected in terms of their R2 and selection of high importance descriptors 
over few modifications during model development stage. It is quite obvious that small 
modifications such as taking a data point in and out of a thousand data points training set 
(where one data point is equivalent to the 0.1 % of the data set) will not give any effect 
to the model, but it is overwhelming to find that the same changes gave the same result 
on a small thirty-three data set as well (where one data point is equivalent to the 3 % of 
the data set).  
An investigation on how heterogeneities within a data set affect a model prediction was 
done by comparing a general model, GM model (of various amine groups) with two 
structure-specific models (Ace-M and Ph-M). Their prediction accuracies were measured 
based on the closeness between the prediction data to the experimental data and were 
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verified over a series of internal and external validation tests. This preliminary study 
found that the inconsistency in the GM model does not make the model less accurate and 
is not a drawback to the model. It is believed that the discrepancy is indeed a credit as it 
prepares the model for a wider range of polybenzoxazines. Although this comparison is 
not definite due to the small size of the Ace-M and Ph-M training sets, this early finding 
suggests that the training set discrepancy is good and not something to be concerned with 
when investigating the performance of a QSPR model.  
BA-apa and BO-ba are the two benzoxazine monomers that were successfully 
synthesised in Chapter 6. They were characterised using proton and carbon NMR, in 
addition to the FTIR spectroscopy and LC-MS spectroscopy in order to confirm the 
presence of the desired monomers. The solvent-free method was found to produce BA-
apa with higher oxazine ring % therefore it has been taken further and applied into BO-
ba and BZ-apa synthesis although the BZ-apa synthesis did not work very well.  
The polymerisation process of both BA-apa and BO-ba were studied over a temperature 
range (room temperature to 300 oC) via DTC technique. The study found that BA-apa 
went through two polymerisation reactions simultaneously (the oxazine ring opening 
polymerisation and the acetylene addition reaction) whilst BO-ba only polymerised via 
the ring opening reaction from the oxazine rings. A kinetic study on both monomer 
polymerisations discovered that the activation energy of the BO-ba is higher than the 
BA-apa, in agreement to the higher polymerisation temperature in BO-ba as displayed in 
the DSC thermogram. Both polymers were then heated until melting in a vacuum oven 
and polymerised in an air-circulating oven over a specific curing schedule forming 
poly(BA- aa) and poly(BO-ba). The thermal properties of both polymers were explored 
using TGA analysis and as expected, poly(BO-ba) degrades at a lower temperature 
(below 250 oC) attributed to the evaporation of the volatile benzylamine fragments while 
poly(BA-apa) degrades at a much higher temperature (at nearly 400 oC) due to the 
thermally stable anchored amine fragments into the crosslinked structure. TGA analysis 
at 800 oC under inert atmosphere found that poly(BO-ba) produced less char yield than 
the poly(BA-apa), 44.35 % and 56.28 % respectively. 
The experimental char yield collected from the TGA analysis were later used in the QSPR 
models’ final validation i.e. the experimental validation. The GM and Ph-M models were 
validated using poly(BO-ba) with 5-7 % error while poly(BA-apa) prediction by GM and 
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Ace-M models were 15-17 % and deviated from the experimental char yield collected in 
this work, but was predicted very closely to the poly(BA-apa) literature char yield. The 
whole validation process including the internal validations, external validations and this 
final experimental validations confirms the quality of GM QSPR model in comparison 
to its structure-specific models. The GM QSPR model is indeed a highly accurately 
predictive model even to new molecules, therefore the objective of this study is thus 
achieved.  
8.2 Future Work 
As far as the future work is concerned, there are a couple of obvious areas where the 
work from this work could be taken and furthered. It has been proven in this work that 
QSPR technique is capable in dealing with the uncertainties in polymer structure related 
to the many possibilities of crosslinked structures, degree of crosslinking, bond strengths, 
leading to different degradation mechanism routes and finally the char formation. It 
would be very much interesting if this prediction tool can be made more generic and 
expand its application to a much wider polymer groups including epoxy, polyimides etc. 
A variety of polymers of different groups, with their reported experimental char yield 
from the literature can be added into the training set, forming a larger data set which can 
be very useful in developing a better model. This generic model can later be used to deal 
with char yield prediction of a variety of polymer groups.   
Other than the polymers’ char yield, limiting oxygen index (LOI) is another experimental 
measure that needs to be considered when examining the flame retardancy of a polymer. 
To the best knowledge of the writer, there is yet no LOI prediction model/method that 
has been reported in the literature, therefore it is so far uncertain if one can model LOI 
data in the similar way as the char yield data. However it is a great idea to have QSPR 
LOI prediction model to work together with the char yield prediction model and provide 
a complete polymer flame retardancy prediction tool. 
Due to time constraints, only two polybenzoxazines have been synthesised in this work. 
It would be very fascinating to be able to synthesise a few more polybenzoxazines to be 
used for GM, Ace-M and Ph-M experimental validations. 
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Abstract: This study uses the Molecular Operating Environment software (MOE) to generate models
to calculate the char yield of polybenzoxazines (PBz). A series of benzoxazine (Bz) monomers were
constructed to which a variety of parameters relating to the structure (e.g., water accessible surface,
negative van der Waals surface area and hydrophobic volume, etc.) were obtained and a quantitative
structure property relationships (QSPR) model was generated. The model was used to generate data
for new Bz monomers with desired properties and a comparison was made of predictions based on
the QSPR model with the experimental data. This study shows the quality of predictive models and
confirms how useful computational screening is prior to synthesis.
Keywords: polybenzoxazines; thermal stability; char formation; mathematical modelling; QSPR
1. Introduction
Thermoset polymers have an established history in civil aviation, in applications involving
decorative panels, secondary composite structures and adhesives typically around 90% of the interior
furnishings of a typical civil airliner will contain thermoset composites [1]. The development of
structural materials with improved thermal stability and fire resistance is key in this area to retard the
spread of fire, and modern legislation is leading to the removal of halogenated flame retardants [2]. This
is often achieved by introducing highly aromatic or hetero-aromatic materials such as polybenzoxazines
(PBZs) [3] (Scheme 1) that form intumescent chars during the combustion process, with the polymer
swelling and becoming porous to protect the underlying structure [4]. PBZs are a comparatively
recent addition to the commercial thermosetting resins, but there is great interest in their potential as
replacements for phenolics [5] or epoxy resins [6] and, whilst they are not currently widely used in
civil aviation, they are being evaluated in this application.
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Cured PBZs offer a combination of favourable thermal and echanical performance (e.g., dry Tg
values of 255 ˝C, we Tg = 196 ˝C are possible [7], coupled with very low moisture uptake) that gives
an attractive property profile. PBZs have the potential to compete with conventional phenolics in terms
of high thermal stability and flame resistance. In previous work [8] we have examined the thermal
stability of cured PBZs and investigated the influence of particle size and the structure of the bisphenyl
unit on the manner in which the crosslinked polymer undergoes degradation. Molecular modelling of
polymers is a growing area and was reviewed in a special edition of the Journal of Polymer Science in
2015 where Ginzberg, Weinhold and Trefonas stated that “In the near future, modeling is expected
to be an integral part of formulation design and the screening process” [9]. It was reported that the
modelling work was proven to be useful to predict properties such as the temperature, decomposition,
softening and failure of composites on a bulk cale, reflecting the size of s m actual compo ents [10].
The work shows the abili y of the model to give a good agr ement between the prediction d ta and
the experimental data on most of the properties that were examined. While the work was focusing on
composites on a bulk scale, we, on the other hand, are trying to utilize modelling on to the molecular
and atomistic scale. The whole area of molecular scale modelling of thermosets was reviewed by Li
and Strachan where we were credited with publishing the first fully atomistic molecular dynamics
simulation of a thermoset [11]. Another way to use atomistic modelling of thermosets is in Quantitative
Structure Property Relationships (QSPR) which is the polymer analogue of Quantitative Structure
Activity Relationships (QSAR) widely used in drug design to develop ne pharmaceuticals. With
QSPR we seek to relate the s ructure of the monomer of particular polymer to the physical, mechanical
and thermal properties of the derived olymer using mathematical methods. Th s technique has
been pioneered by Hopfinger [12], Katrizky [13] and Bicerano [14] in particular and is the source
of several commercial software packages. We are particularly interested in the potential to predict
structure–property relationships and have had some success in using quantitative structure property
relationships (QSPR) towards the prediction of e.g., the glass transition temperature or degree of cure
achieved [15]. In the current study, we concentrate on the refinement of this method and achieve a level
of accuracy that is comparable with the experimental determination of char yield by thermogravimetric
analysis (TGA).
2. Methodology
Molecular Ope a ing Environment (MOE) software by Chemical Computing Group (Cambridge,
UK) was used to run QSPR and generate models to calculate the predicted char yield of thirty-two
benzoxazines (the training set). The Partial Least Squares (PLS) regression algorithm was used to
analyse the relationship between the actual char yield (measured by experimental work) and the
predicted char yield (calculated using the model). PLS was chosen because it contains the fewest
number of factors therefore it provides maximum correlation with the dependant variables.
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There are six main steps to generate a model with the best final linear model equation:
1. The training data set was chosen from the Handbook of Benzoxazine Resins. This training set is a
secondary data set and consists of thirty-two benzoxazines with corresponding actual char yield
measured by different research groups.
2. All monomers were built using the builder menu in MOE and a conformational search using Low
Mode Molecular Dynamics [16] was carried out on each monomer before energy minimising the
lowest energy conformer of each model to convergence.
3. A series of descriptors [17] were calculated for each monomer, which cover molecular volume,
shape, charge, etc.
4. A QSPR equation as developed to relate the descriptors to the experimentally determined char
yield using partial least squares (PLS) [18].
5. Descriptors which play a major role in influencing the model were chosen. The linear model
equation with the highest coefficient of determination (r2) was selected and further analysis was
done on this model.
6. The descriptors were then used to calculate the prediction values and the average percentage
error of the data produced was calculated in-silico.
7. The Leave-One-Out-Cross-Validation test [19] was carried out by the model to evaluate whether
it could be taken further and capable to produce accurate prediction values. This test was done by
taking out one of the materials in the training set and applying the model to that chosen material.
8. The experimental data of the material used in the validation test was compared against the
predicted/calculated data. The percentage error and difference error between the two values was
calculated and a conclusion was made based on the comparison values.
3. Results and Discussion
The training data set that was used in this research was compiled from various papers in the
Handbook of Benzoxazine Resins [3]. The data set consists of thirty-two benzoxazine monomers and
their recorded percentage char yields as polybenzoxazines reported by various sources. Char yields
are normally taken from Thermogravimetric Analysis (TGA) under a nitrogen atmosphere, as these
materials tend to burn away completely in oxygen atmospheres in the TGA. The list of the monomers
in the data set is shown in Table 1.
Table 1. List of % char yield of thirty-three benzoxazine monomers (the training set). The definition of
the abbreviation used for each benzoxazine are given in the Abbreviations at the end of the paper.
No. Materials Char yield (%) No. Materials Char yield (%)
1 HQ-apa 81 [20] 17 TP-a 57 [21]
2 BZ-apa 80 [20] 18 MIB-a 56 [22]
3 PH-apa 79 [3], (81) [20] 19 BPPPO-a 51 [23]
4 TP-apa 79 [20] 20 BHPPO-m 48 [23]
5 BF-apa 78 [20] 21 TrisP-a 47 [21]
6 BS-apa 78 [20] 22 BHPPO-a 46 [3], (41) [23]
7 NP-apa 76 [20] 23 HQ-a 44 [21]
8 BPPPO-ea 76 [23] 24 P-ad2 41 [24]
9 BO-apa 75 [20] 25 P-ad4 32 [24]
10 BA-apa 74 [20] 26 BA-a 32 [20,25]
11 BP-apa 73 [20] 27 BPPPO-m 30 [23]
12 BAF-apa 71 [20] 28 PC-a 20 [21]
13 15N-a 71 [21] 29 P-ad6 19 [24]
14 4,4'O-a 65 [26] 30 P-ad8 1 [24]
15 BHPPO-ea 64 [23] 31 P-ad12 6 [24]
16 BAF-a 57 [3] 32 NOB-a 58 [22]
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The training set consists of a mixture various structures of benzoxazines including acetylene-based
benzoxazines, aniline-based benzoxazines, aliphatic benzoxazines, benzoxazines containing
phenylphosphine oxide, monofunctional benzoxazines and benzoxazines with fused-ring bridges
(Figure 1). The full structures of each material are given in the Supplementary Material.
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Since the d ta set is secondary da a from a variety of sources, it is expected to contain significant
errors as it was reported by differ nt tea s from various places, using potentially diff rent methods.
This fact was supported by a set of compiled data from the literature that shows the errors from
secondary data measurements can be up to 14% (Table 2). For instance, the data set (Table 2) consists
of five measurements of the percentage char yield on the polybenzoxazine formed from bisphenol A
and aniline (BA-a) reported by different research groups and collected from different articles from
the literature.
Based on Table 2, the error associated with the data set is 14%, which exceeds the acceptable 10%
experimental error by 4%. However, it is believed that the significantly high error in the measurements
is due to the different parameters that were used in the measurements (e.g., different temperature and
different heati g rate). There are also other potential parameters t at might contribute to the large
errors in the measurements such as different sample size used, the different thickness and shape of the
crucibles and the physical condition of the sample, either in bulk or in powder [27].
Table 2. Experimental error of six BA-a char yield measurements conducted at different temperatures
and heating r tes.
Temperature
(˝C)
Heating rate
(K/min)
Measured
char yield
(%), Yc
Mean, Y¯c
Difference
error, Yc ´ Y¯c
Average
difference
error
Percentage
error (%)
Average
percentage
error (%)
800
20 24.30 [28]
28.72
4.42
4.06
18.19
14.00
20 32.00 [20] 3.28 10.25
10 35.60 [29] 6.88 19.33
10 25.70 [30] 3.02 11.75
900 20 26.00 [31] 2.72 10.46
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As the degrees of freedom were reduced, it was found that the error in the measurements was
also reduced. This statement is supported by the data set in Table 3, which combines experimental
data for the percentage char yield of the same material, BA-a measured at 800 ˝C with an experimental
heating rate of 10 K/min. It shows that by keeping these two parameters constant, the experimental
error was greatly reduced from 14% to only 10.48%.
Table 3. Experimental error of six BA-a char yield measurements reported at the same temperature
(800 ˝C) and heating rate (10 K/min).
Temperature
(˝C)
Measured
char yield
(%), Yc
Mean, Y¯c
Difference
error, Yc ´ Y¯c
Average
difference
error
Percentage
error (%)
Average
percentage
error (%)
800
26.62 [32]
27.78
1.16
3.12
4.36
10.48
25.00 [33] 2.78 11.12
26.00 [34] 1.78 6.85
35.60 [29] 7.82 21.97
25.70 [30] 2.08 8.09
Tables 2 and 3 contain examples of secondary data. To compare the quality of secondary data
to primary data, a series of measurements are made on the same material and reported by a “single”
group (within this department) (Table 4). All parameters were kept constant as much as possible; the
same temperature (800 ˝C), heating rate (10 K/min) and method, including the experimental apparatus.
It was found that the measurement readings are very consistent with a very small experimental error
which is only 2.26% compared to 10.48% from the previous data set (Table 3).
Table 4. Experimental error of three BA-a char yield measurements done by a “single” group study.
Temperature
(˝C)
Measured
char yield
(%), Yc
Mean, Y¯c
Difference
error, Yc ´ Y¯c
Average
difference
error
Percentage
error (%)
Average
percentage
error (%)
800
26.62 [32]
25.87
0.75
0.58
2.80
2.2625.00 [33] 0.87 3.49
26.00 [34] 0.13 0.49
Since secondary data was used as the training set for the current project, it is therefore to be
expected that the percentage error in this work will be of the order of 10% to 14%. The best equation
derived for the char yield is shown in Table 5.
Table 5. The linear model equation produced from the model and the relative importance of
each descriptor.
Percentage char yield =´139.65 (+8.92ˆ b_rotN) (´7.00ˆ lip_violation) (+1.15ˆ logP(o/w)) (´10.78ˆ opr_nrot)
(´0.44 ˆ PEOE_VSA-2) (´0.35 ˆ PEOE_VSA-3) (+118.61 ˆ petitjeanSC) (+174.65 ˆ Q_VSA_FNEG)
(+0.65 ˆ SMR_VSA6) (´4.82 ˆ std_dim2)
Relative importance Descriptors’ abbreviations Description
1.00 opr_nrot Oprea Rotatable Bond Count
0.75 b_rotN Number of rotatable bonds
0.61 SMR_VSA6 Bin 6 SMR (0.485, 0.560)
0.56 Q_VSA_FNEG Fractional negative vdw surface area
0.34 PEOE_VSA-2 Total negative 2 Å2 vdw surface area
0.24 petitjeanSC (diameter ´ radius)/radius
0.19 PEOE_VSA-3 Total negative 3 Å2 vdw surface area
0.18 lip_violation Lipinski Violation Count
0.09 std_dim2 Standard dimension 2 Å
0.08 logP(o/w) Log octanol/water partition coefficient
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The two descriptors with the two highest relative importance ratings are the Oprea Rotatable
Bond Count (opr_nrot) with 100% importance and the Number of rotatable bonds (b_rotN) with
75% importance (69% importance from the previous model). The least important descriptor is the
logP(o/w) with 0.03 importance. Hence the most important feature of a benzoxazine to increase char
yield is the number of rotatable bonds in the monomer.
The prediction data in Table 6 were produced in-silico using descriptors from the table above.
The errors between the prediction data and the actual data were then calculated manually using
Microsoft Excel.
Table 6. Prediction data, calculated average error and average percentage error for lowest energy
conformation quantitative structure property relationships (QSPR) model.
Materials Actual data (%) Predicteddata (%) Difference error Average error % error
Average
% error R
2
HQ-apa 81.00 74.66 6.34
5.02
7.82
12.54 91.94%
BZ-apa 80.00 82.75 2.75 3.44
PH-apa 79.00 84.69 5.69 7.20
TP-apa 79.00 75.25 3.75 4.75
BF-apa 78.00 77.82 0.18 0.23
BS-apa 76.00 76.55 0.55 0.72
NP-apa 78.00 82.14 4.14 5.31
BPPPO-ea 76.00 72.19 3.81 5.02
BO-apa 75.00 78.04 3.04 4.05
BA-apa 74.00 64.07 9.93 13.42
BP-apa 73.00 69.12 3.88 5.31
BAF-apa 71.00 75.61 4.61 6.49
15N-a 71.00 65.94 5.06 7.12
4,4'O-a 65.00 57.64 7.36 11.32
BHPPO-ea 64.00 73.97 9.97 15.57
NOB-a 58.00 43.99 14.01 24.15
BAF-a 57.00 52.39 4.61 8.08
TP-a 57.00 55.74 1.26 2.22
MIB-a 56.00 51.58 4.42 7.89
BPPPO-a 51.00 52.74 1.74 3.41
BHPPO-m 48.00 41.58 6.42 13.37
TrisP-a 47.00 40.97 6.03 12.82
BHPPO-a 46.00 52.51 6.51 14.16
HQ-a 44.00 45.46 1.46 3.32
P-ad2 41.00 45.44 4.44 10.83
BA-a 32.00 45.22 13.22 41.31
P-ad4 32.00 32.35 0.35 1.09
BPPPO-m 30.00 34.51 4.51 15.05
PC-a 20.00 30.69 10.69 53.43
P-ad6 19.00 25.31 6.31 33.20
P-ad8 13.00 13.43 0.43 3.31
P-ad12 6.00 2.65 3.35 55.84
The R2 value generated is 88.73%. The R2 value is above 90% and this shows that there is a
reasonable correlation between the actual char yields and the predicted char yields, although the value
of R2 is not as good as hoped (at least 95%).The average error and the average percentage error for
this model were found to be 5.77 and 14.58%. A graph of the predicted versus actual data is shown in
Figure 2.
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The actual percentage yield for this material is 45% [26] and the prediction data generated by the
linear model equation carried out in-silico is 45.13%. The percentage error and the difference error of
both readings are less than 1 (Table 7).
Table 7. Validation value and percentage error.
Material Actual data (%) Prediction data (%) % error Difference error
22P-a 45.00 45.31 0.69 0.31
The sm ll v lue of p rcentage e ror betwe n the readings shows that although the r2 is less tha
95% and the averag percentage error is 13%, the model can still give a good prediction f r th chosen
material. This is a very interesting as the validation confirmed that the model is capable of predicting
the percentage char yields of benzoxazines with common structures. Howeve , the m del is not yet
powerful enou h to carry out a prediction on a benzoxazine with an unfamilia functio al g oup.
To investigate he model further, a graph of actual char yield (with 10% er or bar) and predicted
char yield was plotted in Figure 4. A percentage error of 10% was ak n as a reference as generally
experimental error will fall within this 10% e ror. Figure 4 shows that there are thirt en benzoxazines
whose predicted values exceed the 10% error bars. The list of the molecules and their structures are
presented in Table 8.
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BHPPO-m BHPPO-a 
BHPPO-ea 
BPPPO-
m 
 
BPPPO-ea   
4. Van Krevelen Calculations 
The Van Krevelen method [35] doesn't have group contributions for groups containing sulphur, 
oxygen and nitrogen atoms that are similar to the structure of the benzoxazine monomers. It also 
does not include the contribution of halogen atoms to the calculation and we have two benzoxazines 
with halogen atoms in our data set. We have tried the Van Krevelen prediction method on our 
benzoxazine set to see if this method will produce a better prediction. However, the result shows that 
it does not work well with the benzoxazines in our data set with an R2 of only 59.23% compared to 
the R2 produced by our method which is 88.73%. 
5. Conclusions 
The field of QSPR of benzoxazines is developing rapidly, assisted by the compilation of data in 
accessible reference sources. As with all data, curation is required, particularly with data that does 
not have a strictly defined value, e.g., glass transition temperature, which—not being a first order 
thermodynamic transition—can exhibit a range of values. However, data that has a lower degree of 
“error” is capable of being predicted to within experimental error or to within 10% of the value, e.g., 
char yield, as shown by this work. However, as with all predictions based on molecular structure, the 
need for accurate models is paramount and as shown here it is wise to take conformational flexibility 
into account in the models used. In common with all QSPR modelling, when the structure being 
modelled is 'unusual' in some way, it leads to a larger error in the predictions. However, with the 
advent of increasing computer power and accuracy in molecular modelling and the rise of faster data 
processing, the field will see rapid progress in future. The prediction clearly shows that in order to 
design benzoxazine monomers that will have a higher char yield then increasing the number of 
rotatable bonds in the monomer and/or increasing the accessible surface area are valid routes. 
Supplementary Materials: The following are available online at www.mdpi.com/2073-4360/8/4/166/s1. Table S1: 
Structures of benzoxazines in the training set. 
Acknowledgments: No funds were directly allocated to cover open access publishing costs. 
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4. Van Krevelen Calculations
The Van Kreve en method [35] doesn’t have group contributions for groups containing sulphur,
oxygen and nitrogen atoms that are similar to the structure of the benzoxazine monomers. It also does
not include the contribution of halogen atoms to the calculation and we have two benzoxazines with
halogen atoms in our data set. We have tried the Van Krevelen prediction method on our benzoxazine
set to see if this method will produce a better prediction. However, the result shows that it does
not work well with the benzoxazines in our data set with an R2 of only 59.23% compared to the R2
produced by our method which is 88.73%.
5. Conclusions
The field of QSPR of benzoxazines is developing rapidly, assisted by the compilation of data in
accessible reference sources. As with all data, curation is required, particularly with data that does
not have a strictly defined value, e.g., glass transition temperature, which—not being a first order
thermodynamic transition—can exhibit a range of values. However, data that has a lower degree of
“error” is capable of being predicted to within experimental error or to within 10% of the value, e.g.,
char yield, as shown by this work. However, as with all predictions based on molecular structure, the
need for accurate models is paramount and as shown here it is wise to take conformational flexibility
into account in the models used. In common with all QSPR modelling, when the structure being
modelled is 'unusual' in some way, it leads to a larger error in the predictions. However, with the
advent of increasing computer power and accuracy in molecular modelling and the rise of faster
data processing, the field will see rapid progress in future. The prediction clearly shows that in order
to design benzoxazine monomers that will have a higher char yield then increasing the number of
rotatable bonds in the monomer and/or increasing the accessible surface area are valid routes.
Supplementary Ma erials: Th following a e vailabl online at www.mdpi.com/2073-4360/8/5/166/s1.
Table S1: St uctur s of benzoxazines in th training set.
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Abbreviations
The following abbreviations are used in this manuscript:
BAF-a bisphenolAF/aniline benzoxazine benzoxazine
PH-apa N-aminophenyl-acetylene phenol benzoxazine
BF-apa N-aminophenyl-acetylene bisphenol F benzoxazine
HQ-apa N-aminophenyl-acetylene hydroquinone benzoxazine
BA-apa N-aminophenyl-acetylene bisphenol A benzoxazine
BP-apa N-aminophenyl-acetylene 4,41-dihydroxy biphenyl benzoxazine
TP-apa N-aminophenyl-acetylene 4,41-thiodiphenol benzoxazine
BAF-apa N-aminophenyl-acetylene bisphenol AF benzoxazine
BS-apa N-aminophenyl-acetylene bisphenol S benzoxazine
BO-apa N-aminophenyl-acetylene bisphenol O benzoxazine
BZ-apa N-aminophenyl-acetylene 4,41-dihydroxybenzophenone benzoxazine
NP-apa N-aminophenyl-acetylene 2,7-dihydroxynaphtalene benzoxazine
PC-a p-cresol/aniline benzoxazine
BA-a bisphenol A/aniline benzoxazine
HQ-a hydroquinone/aniline benzoxazine
15N-a 1,5-dihydronaphtalene/aniline benzoxazine
TP-a 4,41-thiodiphenol/aniline benzoxazine
TrisP-a 1,1,1-tris(p-hydroxyphenyl)-ethane/aniline benzoxazine
22P-a 2,21-dihydroxybiphenyl/aniline benzoxazine
4,41O-a 4,41-dihydroxybenzophenone/aniline benzoxazine
P-ad2 ethlenediamine bisphenol benzoxazine
P-ad4 N-1,4-diaminobutane bisphenol benzoxazine
P-ad6 N-1,6-diaminohexane bisphenol benzoxazine
P-ad8 N-1,8-diaminooctane bisphenol benzoxazine
P-ad12 N-1,12-diaminododecane bisphenol benzoxazine
MIB-a 1-(4-hydro-phenyl)-pyrrole-2,5-dione/aniline benzoxazine
NOB-a p-hydroxyphenylnadimide/aniline benzoxazine
BHPPO-a bis-(4-hydroxyphenyl)phenylphospine oxide benzoxazine
BHPPO-m methylamine bis-(4-hydroxyphenyl)phenylphospine oxide benzoxazine
BHPPO-ea 3-ethylaniline bis-(4-hydroxyphenyl)phenylphospine oxide benzoxazine
BPPPO-a bis-(4-benzyloxyphenoxy-41-phenyl)phenyl phosphine/aniline benzoxazine
BPPPO-m methylamine bis-(4-benzyloxyphenoxy-41-phenyl)phenyl
phosphine benzoxazine
BPPPO-ea 3-ethylaniline bis-(4-benzyloxyphenoxy-41-phenyl)phenyl
phosphine benzoxazine
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A B S T R A C T
Molecular Operating Environment (MOE) software has great potential when combined with the Quantitative
Structure-Property Relationship (QSPR) approach, and was proven to be useful to make good prediction models
for series of polybenzoxazines [1–3]. However, the eﬀect of heterogeneities in the crosslinked network to the
prediction accuracy is yet to be tested. It was found that polybenzoxazines with polymerisable functional group
(e.g. acetylene-based benzoxazines) form up to 40% higher char yield compared to their analogue poly-
benzoxazines due to the contribution of the polymerisable functional group (e.g. ethynyl triple bond) in the
cross-linked network. In order to investigate the eﬀect of the inconsistent cross-linking network, a data set
consisting of thirty-three benzoxazines containing various structures of benzoxazines was subdivided into two
smaller data sets based on their functional group, either benzoxazines with polymerisable functional group
(acetylene-based benzoxazines set (Ace-M)) or non-polymerisable functional group (aniline-based benzoxazines
(Ani-M)). Char yield predictions for the polybenzoxazines for these data sets (Ace-M and Ani-M) were compared
with the larger thirty-three polybenzoxazines data set (GM) to investigate the eﬀect of the inconsistency in
crosslink network on the quality of prediction aﬀorded by the model. Prediction performed by Ace-M and Ani-M
were found to be more accurate when compared with the GM with total prediction error of 3.15% from both
models compared to the GM (4.81%). Ace-M and Ani-M are each better at predicting the char yields of similar
polybenzoxazines (i.e. one model is speciﬁc for a polymerisable functional group; the other for non-poly-
merisable functional group), but GM is more practical as it has greater ‘general’ utility and is applicable to
numerous structures. The error shown by GM is considerably small and therefore it is still a good option for
prediction and should not be underestimated.
1. Introduction
Thermoset resins have been used widely in aerospace applications
for decades. Civil airliners, military aircraft, drones and satellites are
some of the examples where thermoset polymers and composites are
used extensively. A report by the European Transport Safety Council
(ETSC) in 1996 stated that of 600 fatalities in aircraft accidents, 330
died as a result of the impact and 270 due to the eﬀects of smoke, toxic
fumes, heat, and resulting evacuation problems [4]. Even in the runway
collision between the US Air Flight 1493 and the SkyWest Flight 5569
on February 1991, 17 of the 23 passengers killed had their seatbelts
unbuckled, but tragically died from smoke inhalation while making
their way to the exits [5]. This is also supported by a review from
National Transportation Safety Board in New York in 1999, saying that
from 1970 to 1995, 72.5% of the total fatalities in air crashes died from
the post-impact incidents with almost all (95.4%) resulting from smoke
inhalation and/or burns. Since 90% of civil aircraft interiors are typi-
cally made of thermoset polymers, including the decorative panels and
the adhesives [6], there is a great demand in improving the thermal
stability of these materials to provide better resistance to ﬁre incidents.
This can help to slow down the spread of the ﬁre in the cabin and
increase the time available for the passengers to escape from the air-
craft.
The ﬁre resistance and ﬂame retardancy of thermoset resins can be
improved by introducing highly aromatic or hetero-aromatic materials.
Benzoxazines are a good example of this – a relatively new addition to
http://dx.doi.org/10.1016/j.reactfunctpolym.2017.08.002
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the family of thermoset polymers, but with great potential especially in
applications where ﬁre resistance is important. Benzoxazines poly-
merise through a ring opening polymerisation mechanism (Scheme 1)
to form a crosslinked network.
Depending on the structure, polybenzoxazines can form char yields
(the residue remaining when combustion reaches 800 °C) of up to 81%,
compared to only 30–55% formed by phenolic resins and 5–15% char
yield formed by epoxy [7,8]. The amount of char produced is very
important in ﬁre resistance applications as an intumescent char will act
as a protective layer (barrier) to protect the remaining underlying
materials from supporting combustion [9]. This will reduce the spread
of ﬁre by reducing the diﬀusion rate of decomposed and ﬂammable
gases into the ﬂame front and therefore disrupt the sustained ﬂame and
eventually stop the ﬁre [8].
In a special edition of the Journal of Polymer Science in 2015,
Ginzberg, Weinhold, and Trefonas stated that, “In the near future,
modelling is expected to be an integral part of formulation design and
the screening process” [10]. Modelling work was proven to be useful in
predicting properties of bulk scale composites such as the temperature,
decomposition, softening and failure of materials [11]. The work shows
the ability of the model to give good agreement between the prediction
data and the experimental data for most of the properties that were
examined. Looking at the great potential of modelling in prediction
work, we took the initiative to try applying the modelling work to the
molecular and atomistic scale. The whole area of molecular scale
modelling of thermosets was reviewed by Li and Strachan where the
group was credited with publishing the ﬁrst fully atomistic molecular
dynamics (MD) simulation of a thermoset [12]. Quantitative structure
property relationships (QSPR) have been pioneered by Hopﬁnger [13],
Katritzky [14], and Bicerano [15], and is the source of several com-
mercial software packages. This technique is an analogue of Quantita-
tive Structure-Activity Relationship (QSAR), which has been widely
used in drug design to develop new pharmaceuticals. In this technique,
we try to relate the structure of the monomer of particular polymer to
the physical, mechanical, and thermal properties of the derived
polymer using mathematical methods [1–3]. However, in this current
work, we are more interested in investigating the eﬀect of inconsistency
within a dataset, i.e. in terms of the presence of polymerisable func-
tional groups in some of the materials in the dataset, to the prediction
accuracy of a char yield prediction model.
2. Method
Molecular Operating Environment (MOE) software by Chemical
Computing Group (Cambridge, UK) was used to run QSPR and generate
models to calculate the predicted char yield of thirty-three benzox-
azines (the training set). The Partial Least Squares (PLS) regression
algorithm was used to analyse the relationship between the actual char
yield (measured by experimental work) and the predicted char yield
(calculated using the model). PLS was chosen because it contains the
fewest number of factors therefore it provides maximum correlation
with the dependent variables.
There are seven main steps to generate a model with the best ﬁnal
linear model equation:
1. The training data set was collected from the literature. This training
set is a secondary data set and consists of thirty-three benzoxazines
with corresponding actual char yields measured by diﬀerent re-
search groups.
2. All monomers were built using the builder menu in MOE and a
conformational search using Low Mode Molecular Dynamics [16]
was carried out on each monomer before energy minimising the
lowest energy conformer of each model to convergence.
3. A series of descriptors [17] were calculated for each monomer,
which cover molecular volume, shape, charge, etc.
4. A QSPR equation was developed to relate the descriptors to the
experimentally determined char yield using PLS [18].
5. Descriptors, which play a major role in inﬂuencing the model, were
chosen. The linear model equation with the highest coeﬃcient of
determination (r2) was selected and further analysis was done on
this model. The descriptors were used to calculate the prediction
values and the average percentage error of the data produced was
calculated in-silico. There are over 100 parameters in the software,
so a subset is chosen randomly and pruned by the process described
below to leave the best set of parameters that inﬂuence the equation
without over-determining the equation. During the modelling the
software gave the relative importance of each variable used and at
each cycle those that contribute a small amount to the prediction are
deleted leaving only those have a real inﬂuence on the regression.
Finally, a statement of the relative importance of the descriptors is
presented. The absolute values of the normalized coeﬃcients are
printed, divided by the absolute value of the largest normalized
coeﬃcient.
6. The Leave-One-Out-Cross-Validation (LOOCV) test [19] was carried
out by the model to evaluate whether it could be taken further and
was capable of producing accurate prediction values. This test was
done by taking out one of the materials in the training set and ap-
plying the model to that chosen material.
The experimental data for the materials used in the validation test
were compared against the predicted/calculated data. The percentage
error and diﬀerence error between the two values was calculated and a
conclusion was made based on the comparison values.
Scheme 1. Schematic showing polymerisation of bisben-
zoxazines through ring opening and crosslinking
(X = alkyl, aryl or heteroatoms, R = alkyl or aryl).
M. Sairi et al. Reactive and Functional Polymers 129 (2018) 129–137
130
3. Results and discussion
3.1. Preparation of the models
Thirty-three benzoxazine monomers were used in this work
(training set) and their recorded percentage char yields as poly-
benzoxazines are previously reported by various published works in the
literature. Char yields are normally taken from Thermogravimetric
Analysis (TGA) under a nitrogen atmosphere, as these materials tend to
burn away completely in oxygen atmosphere in the TGA. The list of the
monomers in the data set is shown in Table 1.
The training set contains various structures of benzoxazines in-
cluding acetylene-based benzoxazines, aniline-based benzoxazines,
aliphatic benzoxazines, benzoxazines containing phenylphosphine
oxide, monofunctional benzoxazines and benzoxazines with fused-ring
bridges (Fig. 1). The full structures of each material are given in re-
ference [35].
Since the data set is a secondary set data drawn from a variety of
sources, it is expected to contain signiﬁcant errors up to 14% error as
reported in our previous work [1]. Also in the same publication, we
have successfully shown that a polybenzoxazine char yield prediction
model can be generated based on the monomers' structures with
average % error of 12.54% (1.46% less than the expected average %
error of a secondary data). The model was also able to predict the char
yield with mean diﬀerence error of 5.02% and r2 value of 0.9194.
It was found that introducing a polymerisable acetylene functional
group into benzoxazines resulted a signiﬁcant increase in the char yield
upon thermal degradation [20]. Polymerisation of the oxazine ring and
the acetylene triple bond will form a cross-linked network and improves
the thermal stability. This was shown by the comparison between the
char yield of BA-apa (acetylene-based benzoxazine) and the analogous
compound BA-a (aniline-based benzoxazine). The char yield of BA-apa
was 42% higher than the BA-a, due to the contribution of crosslinking
of the acetylene group [20]. Another signiﬁcant comparison is between
HQ-apa and HQ-a, in which HQ-apa formed 37% higher yield because
of the presence of the acetylene cross-linking (Fig. 2). Polymerisation of
oxazine and acetylene in some of the polymers introduced incon-
sistency in the degree of crosslinking between the structures in the
dataset. In this work, we investigate whether the inconsistency of the
dataset was compromised in the model or signiﬁcantly aﬀected the
prediction undertaken by our previous model [1]. In order to do this,
the thirty-three benzoxazines were grouped into two ‘speciﬁc’ datasets:
acetylene-based benzoxazines (benzoxazines 1–13 in Table 1) and
aniline-based benzoxazines (benzoxazines 14–33 in Table 1). Models
were generated for all three datasets and comparison was performed
between the general model (GM) prediction to the more ‘speciﬁc’
acetylene-based benzoxazines model (Ace-M) and aniline-based ben-
zoxazines (Ani-M) predictions in order to measure their prediction ac-
curacy.
3.2. Comparison between general model (GM) and speciﬁc models (Ace-M
and Ani-M)
The best equations derived for the char yield for the three models
are shown in Table 2. The linear equation of GM is slightly diﬀerent
compared to our previous work [1] as an additional benzoxazine was
added into the set to make a total of 33 benzoxazines compared to only
32 in the previous work. Table 2 shows the comparison summaries of
GM, Ace-M and Ani-M (a full prediction table in Table 6). Comparison
between Ace-M and Ani-M shows that r2 value is not directly propor-
tional to the prediction accuracy. Ani-M has a better r2 (0.97) compared
Table 1
List of % char yield of thirty-three benzoxazine monomers (training set). The structures
for each benzoxazine are given in reference [35].
No. Materials Char yield (%) No. Materials Char yield (%)
1 HQ-apa 81 [20] 18 TP-a 57 [21]
2 BZ-apa 80 [20] 19 MIB-a 56 [22]
3 PH-apa 79 [8], 81 [20] 20 BPPPO-a 51 [23]
4 TP-apa 79 [20] 21 BHPPO-m 48 [23]
5 BF-apa 78 [20] 22 TrisP-a 47 [21]
6 BS-apa 78 [20] 23 BHPPO-a 46 [8], 41 [23]
7 NP-apa 76 [20] 24 22P-a 45 [24]
8 BPPPO-ea 76 [23] 25 HQ-a 44 [21]
9 BO-apa 75 [20] 26 P-ad2 41 [25]
10 BA-apa 74 [20] 27 P-ad4 32 [25]
11 BP-apa 73 [20] 28 BA-a 32 [20,26]
12 BAF-apa 71 [20] 29 BPPPO-m 30 [23]
13 BHPPO-ea 64 [13] 30 PC-a 20 [21]
14 15N-a 71 [21] 31 P-ad6 19 [25]
15 4,4′O-a 65 [24] 32 P-ad8 13 [15]
16 NOB-a 58 [22] 33 P-ad12 6 [25]
17 BAF-a 57 [8]
Acetylene-based benzoxazines       Aniline based benzoxazines             Aliphatic benzoxazines
Benzoxazines containing phenylphosphine oxide
Fig. 1. The general structure of some of the benzoxazines in
the training set.
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to Ace-M (0.94), but comes with a less accurate prediction (2.19%
error) compared to the Ani-M with only 1.09% error. This means that
models with higher r2 do not necessarily generate more accurate pre-
dictions, although r2 is a good indication of a goodness of ﬁt between
prediction value and the actual value (Fig. 3).
The summaries of descriptors involved in GM, Ace-M and Ani-M and
their relative importance in each models were simpliﬁed in Table 3 and
were represented by numbers from 1 to 22. The full descriptions can be
found in Table 4. Descriptors 1–8 are atom counts and bond counts
descriptors. Descriptors 1–7 are related to the numbers of rotatable and
rigid bonds and they represent how rigid or ﬂexible the structure is. A
more ﬂexible structure will generally form less char yield as the ﬂex-
ibility makes the structure interact more easily with water, oxygen or
other potential compounds. In general, this descriptor group is essential
to all models (GM, Ace-M, Ani-M) with most of them having a
weighting of more than 0.4. This indicates that structure ﬂexibility is an
important factor to predict the char yield of a material. Among the
seven descriptors, descriptors 1 (opr_nrot) and 4 (b_rotN) are regarded
as important in all models, they are particularly dominant in GM (1.00
and 0.77 respectively) and Ace-M (0.80 and 0.71 respectively).
Descriptors 9–11 are related to the van der Waals (VDW) surface
area. Structures with greater VDW surface areas will allow molecules
with a greater range of sizes to sit on the surface and increase the po-
tential for interaction and reaction with other groups. This descriptor
group is quite important to two of the models (GM and Ace-M), with at
least one of the descriptors having a weighting of more than 0.5.
Descriptor 11 (PEOE_VSA-3) appears to be important for all models, but
with a small weighting ranging from 0.16 to 0.34.
Descriptors 12–16 are a combination of descriptors from various
groups. Generally, these descriptors have very small weightings and do
not give signiﬁcant weighting to the models, except for descriptor 14
(logP(o/w)), which contributes critically to the Ace-M model with a
weighting of 0.75. Descriptor 17 represents the water accessible surface
area (ASA); it is quite important for Ace-M (0.44 weighting), but not for
the other models.
Descriptors 18–22 are partial charge descriptors, related to the
partial charge of atoms in the structures. This descriptor group plays an
important role in Ani-M, with one of the descriptors (Q_VSA_NEG)
being the most important descriptor for the model (weighting of 1.00).
In this case it overcomes the importance of the structure ﬂexibility
descriptor (opr_nrot of weighting 0.64).
Overall, the most important factors for GM and Ace-M are bond
(a) BA-apa BA-a
(b) HQ-apa HQ-a
Fig. 2. Structure comparison between (a) BA-apa and BA-a
and (b) HQ-apa and HQ-a.
Table 2
Comparison of the char yield prediction done by GM, Ace-M and Ani-M.
QSPR
models
r2 Estimated linear model equations Mean
error
(%)
GM 0.92 Percentage char yield =−134.68 + 10.37(b_rotN)− 7.07(lip_violation) + 1.34(logP(o/w))− 12.38(opr_nrot)− 0.46(PEOE_VSA-
2)− 0.39(PEOE_VSA-3) + 112.93(petitjeanSC) + 173.44(Q_VSA_FNEG) + 0.67(SMR_VSA6)− 3.89(std_dim2)
5.07
Ace-M 0.94 Percentage char yield =−3.15015− 0.04781(ASA) + 4.76592(b_1rotN) + 5.73824(b_double)− 3.82324(b_max1len)
+ 4.80323(b_rotN)− 1.83496(opr_brigid)− 4.97826(opr_nrot)− 6.43110(opr_violation)− 10.73857(PM3_HOMO) + 5.82166(logP(o/w))
+ 1.13867(PEOE_VSA-2)− 0.24051(PEOE_VSA-3)
1.09
Ani-M 0.97 Percentage char yield =−405.04714 + 21.25730(b_1rotN) + 5.76981(b_double)− 13.94392(b_max1len) + 21.21318(b_rotN)
+ 23.97839(logP(o/w))− 1.21138(opr_brigid)− 28.15347(opr_nrot) + 19.57921(opr_violation)− 1.57626(PEOE_VSA-
3)− 58.85304(PM3_HOMO)− 9.19381(a_nP) + 39.65209(Q_PC+)− 39.26239(Q_PC-)− 1.85164(Q_VSA_NEG)− 0.93757(Q_VSA_POS)
2.19
Fig. 3. PLS regression graphs of prediction char yield vs. actual char yield for (a) GM, (b)
Ace-M and (c) Ani-M.
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order descriptors (opr_nrot and opr_bridgid respectively), which aﬀect
the rigidity and ﬂexibility of the structures while Q_VSA_NEG (total
negative van der Waals surface area) is the most dominant descriptor
for the Ani-M. On the other hand, the least important descriptors for
Ani-M are the number of double bonds (b_double, 0.03 weighing), and
the number of phosphorus atoms (a_nP, 0.03 weighting). As for GM and
Ace-M, the std_dim2 (descriptor related to the coordinate and matrix of
the atoms) and b_double (number of double bonds) appear to be the
least important descriptor with 0.06 weighting and 0.11 weighting re-
spectively.
Table 5 shows the full predictions undertaken with GM, Ace-M, and
Ani-M. The predictions were produced in-silico by each model using the
descriptors from Table 3. The errors between the prediction data and
the actual data were then calculated manually using Microsoft Excel.
The speciﬁc models, Ace-M and Ani-M were found to give more accu-
rate predictions, with lower diﬀerence errors when compared with the
general model, GM. The diﬀerence error here is referring to the abso-
lute diﬀerence between the predicted char yield by the models and the
actual experiment data. The total diﬀerence error of the Ace-M and Ani-
M is 3.09%, which is 1.72% better than GM with only 4.81% (Table 6).
The small diﬀerences in the error show the potential of the GM pre-
diction despite the inconsistency present in the GM data set. Ace-M
appeared to be ‘clean’ as there are no predictions with diﬀerence errors
greater than 5%. For Ani-M, there are only two benzoxazines with
diﬀerence errors greater than 5%, namely 22P–a and PC-a. It is not
surprising that the speciﬁc models show more accurate predictions as
their descriptors are more speciﬁc for the behaviour and structural
characteristics of the benzoxazines of their own kind. On the other
hand, GM consists of a larger data set of thirty-three benzoxazines with
various structural characteristics; the descriptors used in the GM model
compromise the diﬀerences present in the data set. The thirteen ben-
zoxazines in the GM model showed diﬀerence errors of greater than 5%
and, of that number, only four benzoxazines had an error of greater
than 10% (Fig. 4).
Most of the predictions' diﬀerence errors fall into the range 0–7%
and some of predictions from GM have diﬀerence errors greater than
10%. The latter, are polybenzoxazines NOB-a (13.57%), BA-a (12.92%),
PC-a (11.41%) and BHPPO-ea (11.45%) (full monomer structures are
attached in the Supplementary data). The reasonably high deviation in
the NOB-a might due to the competition between the endo (thermo-
dynamically stable) and the exo (kinetically stable) conformations of
the nadimide functional group in NOB-a. The conformation with the
lowest energy (endo) was chosen in this work, but we cannot be certain
that the exo conformation was not also formed in the polymer structure
as the exo conformation is kinetically favoured and easier to form
compared to the endo. There is always competition between the two
conformations and a diﬀerent conformation might lead to a diﬀerent
amount of char. Considering BA-a and PC-a, they do not seem to possess
any unusual structural characteristics for the model to predict their
chars 12.92% and 11.41% higher than the experimental values, but
polymer degradation depends on various factors. There is a potential
for change in the chain scission mechanism during the degradation that
might contribute to the errors in the prediction data. There might be
something else going on within the structures that leads to the errors
shown by the model. BHPPO-ea. is a phosphorus-based benzoxazine,
and the only benzoxazine of this kind with a prediction error greater
than 10%. There are two types of phosphorus based benzoxazines in the
dataset, e.g. BHPPO-based and BPPPO-based. Although both groups are
quite similar, they have diﬀerent conformational shapes: BHPPO-based
monomers form more open structures while BPPPO-based monomers
preferentially form globular (spherical) structures with interaction of
aromatic rings within the structure. Based on the GM prediction, all
BHPPO-based benzoxazines show higher prediction errors compared
with their BPPPO-based polybenzoxazines analogues. This might be
Table 3
Descriptors (shortened as 1–22, refer Table 4 for their full lists and descriptions) and their weightings for each model.
QSPR models Descriptors
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
GM 1.00 0.77 0.56 0.31 0.18 0.20 0.16 0.09 0.06 0.48
Ace-M 0.80 1.00 0.33 0.72 0.64 0.20 0.11 0.57 0.34 0.75 0.15 0.44
Ani-M 0.61 0.08 0.11 0.41 0.41 0.26 0.03 0.02 0.16 0.37 0.08 0.41 0.40 1.00 0.37
Table 4
List of the descriptors and their descriptions.
No Descriptors Descriptions
1 opr_nrot The number of rotatable bonds from [Oprea 2000] [27].
2 opr_bridgid The number of rigid bonds from [Oprea 2000] [27].
3 opr_violation The number of violations of Oprea's lead-like test [Oprea 2000] [27].
4 b_rotN Number of rotatable bonds. A bond is rotatable if it has order 1, is not in a ring, and has at least two heavy neighbours.
5 b_1rotN Number of rotatable single bonds. Conjugated single bonds are not included (e.g. ester and peptide bonds).
6 b_max1len Length of the longest single bond chain.
7 b_double Number of double bonds. Aromatic bonds are not considered to be double bonds.
8 a_nP Number of phosphorus atoms.
9 SMR_VSA6 Sum of approximate accessible van der Waals surface area (in Å), vi of atom i such that Ri (Molar Refractivity) is in (0.485, 0.56).
10 PEOE_VSA-2 Van der Waals surface area (Å2), vi of atom i where partial charge of atom i, qi is in the range [−0.15, −0.10).
11 PEOE_VSA-3 Van der Waals surface area (Å2), vi of atom i where partial charge of atom i, qi is in the range [−0.20, −0.15).
12 petitjeanSC Petitjean graph Shape Coeﬃcient as deﬁned in [Petitjean 1992] [28]: (diameter− radius) / radius.
13 lip_violation The number of violations of Lipinski's Rule of Five.
14 logP(o/w) Log of the octanol/water partition coeﬃcient.
15 std_dim2 Standard dimension 2: the square root of the second largest eigenvalue of the covariance matrix of the atomic coordinates.
16 PM3_HOMO The energy (eV) of the highest Occupied Molecular Orbital calculated using the PM3 Hamiltonian.
18 Q_PC+ Total positive partial charge.
19 Q_PC− Total negative partial charge.
20 Q_VSA_FNEG Fractional negative van der Waals surface area. This is the sum of the vi such that qi is negative divided by the total surface area.
21 Q_VSA_NEG Total negative van der Waals surface area. This is the sum of vi such that qi is negative.
22 Q_VSA_POS Total positive van der Waals surface area. This is the sum of vi such that qi is non-negative.
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related to the BHPPO-based open structure that allows a greater ex-
posed area for combustion resulting in lower experimental char yield
compared with the calculated char by the model.
= − ×%error (Predicted char yield Actual char yield)
Actual char yield
100
(1)
Eq. (1) shows the calculation for % error.
∑⎜
⎟
= ⎛
⎝
−
× ⎞
⎠
÷
Average%error Predicted char yield Actual char yield
Actual char yield
100 n
(2)
Eq. (2) shows the calculation for average % error (n= number of
benzoxazines in the dataset).
The percentage (%) errors (Eq. (1)) calculated for Ace-M and Ani-M
appear to indicate a very ‘clean’ model with none of their data set
Table 5
Comparison of prediction data generated by GM, Ace-M and Ani-M (depending on their structures, benzoxazines 1–13 were grouped in Ace-M model and benzoxazines 14–33 were
grouped into Ani-M model).
No Materials Actual
data (%)
General database (GM) Ace-M
Prediction
data (%)
Diﬀerence
error
Average
error
% error Average %
error
r2 Prediction
data (%)
Diﬀerence
error
Average
error
% error Average %
error
r2
1 HQ-apa 81 74.22 6.78 4.81 8.37 12.18 0.92 79.72 1.28 0.96 1.58 1.28 0.94
2 BZ-apa 80 82.56 2.56 3.20 79.99 0.01 0.02
3 PH-apa 79 84.34 5.34 6.76 79.00 0.00 0.00
4 TP-apa 79 74.90 4.10 5.19 80.91 1.91 2.41
5 BF-apa 78 77.53 0.47 0.60 78.81 0.81 1.03
6 BS-apa 76 75.99 0.01 0.02 78.52 2.52 3.31
7 BPPPO-ea 76 73.24 2.76 3.64 76.14 0.14 0.19
8 NP-apa 76 81.53 5.53 7.28 74.97 1.03 1.36
9 BO-apa 75 77.48 2.48 3.30 73.22 1.78 2.37
10 BA-apa 74 64.06 9.94 13.44 74.01 0.01 0.01
11 BP-apa 73 69.61 3.39 4.64 71.89 1.11 1.52
12 BAF-apa 71 75.77 4.77 6.72 71.00 0.00 0.00
13 BHPPO-ea 64 75.45 11.45 17.89 65.84 1.84 2.87
14 15N-a 71 68.34 2.66 3.74 70.49 0.51 2.19 0.71 8.26 0.97
15 4,4′O-a 65 57.06 7.94 12.21 64.35 0.65 1.00
16 NOB-a 58 44.43 13.57 23.40 59.89 1.89 3.27
17 BAF-a 57 52.23 4.77 8.38 57.00 0.00 0.00
18 TP-a 57 55.39 1.61 2.82 55.16 1.84 3.23
19 MIB-a 56 52.12 3.88 6.93 54.42 1.58 2.83
20 BPPPO-a 51 52.15 1.15 2.26 53.43 2.43 4.76
21 BHPPO-m 48 41.11 6.89 14.35 46.14 1.86 3.87
22 TrisP-a 47 40.98 6.02 12.80 50.60 3.60 7.67
23 BHPPO-a 46 52.38 6.38 13.87 45.09 0.91 1.98
24 22P-a 45 44.83 0.17 0.38 37.91 7.09 15.76
25 HQ-a 44 44.54 0.54 1.24 44.53 0.53 1.21
26 P-ad2 41 44.94 3.94 9.62 44.37 3.37 8.21
27 BA-a 32 44.92 12.92 40.37 31.65 0.35 1.10
28 P-ad4 32 32.86 0.86 2.69 27.87 4.13 12.90
29 BPPPO-m 30 33.66 3.66 12.20 29.21 0.79 2.62
30 PC-a 20 31.41 11.41 57.07 25.48 5.48 27.38
31 P-ad6 19 25.81 6.81 35.83 20.67 1.67 8.78
32 P-ad8 13 13.55 0.55 4.24 15.89 2.89 22.21
33 P-ad12 6 2.60 3.40 56.69 3.86 2.14 35.73
Full details of the descriptors used are given in reference [35].
Fig. 4. Summary of diﬀerence errors in GM and speciﬁc models (Ace-
M and Ani-M) predictions.
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having % errors greater than 10%, whereas for GM, 12 out of 33 ben-
zoxazines having % error greater than 10%. However, from the 12
benzoxazines, about half of the number have deceptively high % errors
due to their very low actual char yield. The calculation for % error
depends on the actual char yield, which acts as the denominator in the
equation. Therefore, a polybenzoxazine that displays a small actual
char yield will give a relatively high % error compared with those with
a high char yield for the same diﬀerence error (predicted char yiel-
d− actual char yield). The average % error (Eq. (2)) calculated for this
model is 12.18% compared with the expected 14% percentage error
[1]. The total average percentage error of Ace-M and Ani-M is 9.54%,
2.64% lower than the average % error of GM.
This preliminary result indicates that although the GM prediction
contains more errors than the Ace-M and Ani-M, it still has the ability to
compete with the other two models, and it therefore should neither be
ignored nor underestimated. Since the errors between the general
model and the speciﬁc models were not signiﬁcant, we are therefore
quite conﬁdent in stating that the contribution of acetylene poly-
merisation in the crosslinking network is not signiﬁcant to the char
yield prediction or it might be that the model has compromised the
diﬀerence.
3.3. Validation of QSPR models
Leave-One-Out-Cross-Validation (LOOCV) was used to validate all
the models in this work. In order to carry out LOOCV on GM, 22P-a was
removed from the GM to form a LOOCV model, and the char yield
prediction was performed on 22P-a by the LOOCV model. The predicted
char yield value for 22P-a from the original GM model was 44.83% and
the second prediction by LOOCV model was 44.92%. Since the pre-
diction value for both models are close to each other, the model is
considered as successful in the validation test. The same procedure was
also performed on the Ace-M and Ani-M using diﬀerent materials. All
models performed successfully with errors lower than 5% in the
LOOCV. Table 7 shows the summaries of the validation performed on
the GM, Ace-M, and Ani-M.
3.4. QSPR vs. Van Krevelen prediction
3.4.1. Van Krevelen prediction methods
The Van Krevelen prediction method, using an estimation equation
based on group contributions, was used to estimate the char yield of
materials (including polymers). In this method, each structural group
contributes to the char residue in its own characteristic way [29]. In our
previous publication [1], we mentioned that the Van Krevelen method
does not work well with the polybenzoxazines in our dataset. The
correlation (r2) between char residue prediction using Van Krevelen's
method to the actual experimental values is 0.5923 compared with the
0.92 produced by our GM model.
Another prediction method introduced by Van Krevelen is related to
the relationship between the char residue and the limiting oxygen index
(LOI) [29]. However, this method needs the value of the LOI in order to
calculate the estimated value of the char residue. This is inconvenient
as there is only a limited number polybenzoxazines for which LOI data
have been reported in the literature. Both Van Krevelen methods are
Table 6
Validation summaries for GM, Ace-M, and Ani-M.
QSPR
model
Materials for
validation
Predicted char yield (%) Diﬀerence error
(%)
Original
model
LOOCV
GM 22P-a 44.83 44.92 0.09
Ace-M BP-apa 71.88 71.51 0.37
Ani-M BPPPO-a 53.43 57.54 4.11
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restricted to non-halogenated materials only.
3.4.2. Application on a test set
A test set of six polybenzoxazines with their actual char yields taken
from the literature was used to further evaluate the QSPR models and
the Van Krevelen prediction methods. Predictions were calculated in
ﬁve approaches e.g. two Van Krevelen methods and three QSPR models.
Table 8 shows the prediction results yielded by the Van Krevelen
methods and QSPR models for six polybenzoxazines in the test set. The
full structure of the benzoxazine monomers is attached in the Supple-
mentary information. The Van Krevelen prediction, based on the LOI-
char yield relationship, shows a better prediction compared with the
Van Krevelen (group contribution) prediction and GM prediction. GM
and Van Krevelen (group contribution) predictions are almost similar
with a very slight beneﬁt from using the GM with diﬀerence prediction
error of 19.55% compared to Van Krevelen (group contribution) with
20.33% error.
In contrast, the speciﬁc models really show a signiﬁcantly accurate
prediction with diﬀerence errors of only 4.93% (Ace-M) and 6.83%
(Ani-M). MDP-Bz and BZ-Si were placed under Ace-M as their func-
tional group can polymerise, forming additional crosslinking network
similar to the acetylene-based benzoxazines. Unlike MDP-Bz and BZ-Si,
the other four benzoxazines do not have additional polymerisable
functional groups and they were placed under Ani-M. These pre-
liminary results indicate the ability for QSPR prediction model to
compete with the Van Krevelen prediction method in the prediction of
char yields for polybenzoxazines. Table 8 shows that some poly-
benzoxazines were predicted well within the acceptable range error
(10%) by the Van Krevelen method and some were not; the same is true
of the GM-QSPR model. This is highly dependent on the way in which
the materials polymerise and degrade and the possibility of the poly-
mers to have diﬀerent bond scission to occur during degradation –
which is dependent on their structures and degradation conditions. N.B.
for the QSPR models, the actual char yield corresponds to the char of
the cured benzoxazines (polybenzoxazines), while the QSPR models
were based on their monomer structures. Therefore any major changes
in the cured structures or degradation mechanism of the polymers
might result in a large error in the prediction data. Although this ap-
plication only involved a small sized test set, it shows the strength of
QSPR prediction to work along with the Van Krevelen predictions.
Recently the char yields for two new benzoxazines have appeared in the
literature [32]. These monomers containing allyl groups were predicted
with our model and the results are shown in Table 8 below. The model
is able to predict the char yields within approximately 50% of the actual
values, which is good considering that the structures of the monomers
are very diﬀerent to those used in the test set.
4. Conclusions
The use of QSPR with benzoxazines is developing rapidly and has
proven useful in predicting the char yield of benzoxazines [1]. How-
ever, the presence of polymerisable functional groups in some of the
benzoxazines introduces heterogeneities in the crosslinking network
within the dataset. The eﬀect of the inconsistency was investigated and
the small diﬀerence in the average error between the general model,
GM (4.81%) and the speciﬁc models, Ace-M and Ani-M (3.15%) shows
that the contribution of the additional crosslinked network by the
polymerisable functional group does not signiﬁcantly aﬀect the model's
prediction. GM is more practical as it is more ‘general’ and can co-
operate with numerous structures, however, the speciﬁc models are
good at giving more accurate predictions.
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APPENDIX A – Structures of benzoxazine monomers 
 
Table 53 Structure of thirty-three training set benzoxazines. 
No Materials Structures 
1 HQ-apa 
 
2 BZ-apa 
 
3 PH-apa 
 
4 TP-apa 
 
5 BF-apa 
 
6 BS-apa 
 
7 NP-apa 
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No Materials Structures 
8 BPPPO-ea 
 
9 BO-apa 
 
10 BA-apa 
 
11 BP-apa 
 
12 BAF-apa 
 
13 15N-a 
 
14 4,4’O-a 
 
15 BHPPO-ea 
 
 Appendices 
183 
 
No Materials Structures 
16 BAF-a 
 
17 TP-a 
 
18 MIB-a 
 
19 BPPPO-a 
 
20 BHPPO-m 
 
21 TrisP-a 
 
22 BHPPO-a 
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No Materials Structures 
23 22P-a 
 
24 HQ-a 
 
25 P-ad2 
 
26 P-ad4 
 
27 BA-a 
 
28 BPPPO-m 
 
29 PC-a 
 
30 P-ad6 
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No Materials Structures 
31 P-ad8 
 
32 P-ad12 
 
33 NOB-a 
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APPENDIX B – GM model validation calculations 
 
Table 54 LOO-Cross-Validation data on QSPR GM Model. 
No Materials 
Experimental 
data (%), yi 
Mean, ?̅? 
LOO Cross-
Validation prediction 
(%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - score 
1 HQ-apa 81 55.21 69.98 665.02 11.02 121.41 1.02 
2 BZ-apa 80 77.07 614.44 2.93 8.6 0.27 
3 PH-apa 79 57.47 565.86 21.53 463.6 2.08 
4 TP-apa 79 61.02 565.86 17.98 323.31 1.72 
5 BF-apa 78 73.92 519.29 4.08 16.66 0.37 
6 BS-apa 78 64.08 519.29 13.92 193.67 1.11 
7 BPPPO-ea 76 53.59 432.14 22.41 502.34 2.16 
8 NP-apa 76 75.32 432.14 0.68 0.46 0.06 
9 BO-apa 75 78.81 391.56 3.81 14.51 0.35 
10 BA-apa 74 70.92 352.99 3.08 9.46 0.28 
11 BP-apa 73 82.29 316.41 9.29 86.28 0.86 
12 BAF-apa 71 86.19 249.26 15.19 230.81 1.42 
13 15N-a 71 85.07 249.26 14.07 197.83 2.03 
14 4,4'O-a 65 50.81 95.8 14.19 201.22 1.94 
15 BHPPO-ea 64 56.42 77.23 7.58 57.46 0.79 
16 NOB-a 58 46.34 7.77 11.66 135.97 1.08 
17 BAF-a 57 59.28 3.2 2.28 5.2 0.21 
18 TP-a 57 61.94 3.2 4.94 24.43 0.45 
19 MIB-a 56 54.84 0.62 1.16 1.36 0.11 
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No Materials 
Experimental 
data (%), yi 
Mean, ?̅? 
LOO Cross-
Validation prediction 
(%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - score 
20 BPPPO-a 51 42.01 17.74 8.99 80.79 0.83 
21 BHPPO-m 48 30.21 52.01 17.79 316.48 1.68 
22 TrisP-a 47 59.09 67.44 12.09 146.09 1.12 
23 BHPPO-a 46 60.56 84.86 14.56 212.07 1.37 
24 22P-a 45 58.93 104.29 13.93 194.02 1.31 
25 HQ-a 44 49.06 125.71 5.06 25.57 0.46 
26 P-ad2 41 40.95 201.98 0.05 0 0.00 
27 BA-a 32 51.62 538.8 19.62 384.93 1.88 
28 P-ad4 32 25.85 538.8 6.15 37.83 0.57 
29 BPPPO-m 30 44.03 635.65 14.03 196.98 1.31 
30 PC-a 20 49.82 1239.89 29.82 889.09 3.04 
31 P-ad6 19 22.77 1311.32 3.77 14.2 0.35 
32 P-ad8 13 19.79 1781.86 6.79 46.15 0.62 
33 P-ad12 6 12.13 2421.83 6.13 37.52 0.56 
        ∑(𝐲𝒊 − ?̅?𝒊)
𝟐 = 15183.52  ∑(?̂?𝒊 − 𝒚𝒊)
𝟐 =   5176.28  
Q2LOO =  1 −  
∑ (ŷ
𝑖
−  𝑦
𝑖
)2𝑛𝑖=1
∑ (y
𝑖
−  ?̅?)2𝑛𝑖=1
=  1 −  
𝑃𝑅𝐸𝑆𝑆
𝑇𝑆𝑆
 
Q2LOO =  1 −  
𝟓𝟏𝟕𝟔. 𝟐𝟖
𝟏𝟓𝟏𝟖𝟑. 𝟓𝟐
 
Q2LOO =  𝟎. 𝟔𝟔 
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Table 55 LMO-Cross-Validation data on QSPR GM Model (Validation Test 1). 
No Materials 
Experimental data 
(%), 𝐲𝒊 
Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 − 𝒚𝒊)
𝟐 
1 HQ-apa 81.00 
53.67 
  
  
  
  
  
  
  
  
71.86 747.11 83.48 
2 BF-apa 78.00 77.63 592.11 0.13 
3 BO-apa 75.00 81.21 455.11 38.59 
4 BHPPO-ea 64.00 85.53 106.78 463.61 
5 BAF-a 57.00 58.16 11.11 1.35 
6 BHPPO-m 48.00 32.66 32.11 235.27 
7 HQ-a 44.00 46.40 93.45 5.74 
8 BPPPO-m 30.00 40.61 560.11 112.65 
9 P-ad12 6.00 13.10 2272.11 50.45 
        Total, ∑ = 4870.00 991.30 
 
Q2LMO (1) =  1 −  
∑ (ŷ
𝑖
−  𝑦
𝑖
)2𝑛𝑖=1
∑ (y
𝑖
−  ?̅?)2𝑛𝑖=1
=  1 −  
𝑃𝑅𝐸𝑆𝑆
𝑇𝑆𝑆
 
Q2LMO (1) =  1 −  
991.20
4870.00
= 0.80 
𝐐𝟐𝐋𝐌𝐎 (𝟏) = 0.80 
 Appendices 
189 
 
Table 56 LMO-Cross-Validation data on QSPR GM Model (Validation Test 2). 
No Materials 
Experimental data 
(%), 𝐲𝒊 
Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 BZ-apa 80.00 58.50 75.78 473.06 17.82 
2 BS-apa 78.00 63.47 390.06 211.11 
3 BA-apa 74.00 71.40 248.06 6.75 
4 15N-a 71.00 56.09 162.56 222.38 
5 TP-a 57.00 62.20 1.56 27.09 
6 TrisP-a 47.00 55.10 126.56 65.56 
7 P-ad2 41.00 42.25 297.56 1.57 
8 PC-a 20.00 48.51 1463.06 813.07 
    Total, ∑ = 3162.50 1365.35 
 
𝐐𝟐𝐋𝐌𝐎 (𝟐) = 0.57 
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Table 57 LMO-Cross-Validation data on QSPR GM Model (Validation Test 3). 
No Materials 
Experimental data 
(%),yi 
Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 PH-apa 79.00 
55.75 
59.23 540.56 390.76 
2 BPPPO-ea 76.00 57.82 410.06 330.37 
3 BP-apa 73.00 79.92 297.56 47.95 
4 4,4'O-a 65.00 56.24 85.56 76.75 
5 MIB-a 56.00 54.77 0.06 1.51 
6 BHPPO-a 46.00 59.87 95.06 192.47 
7 BA-a 32.00 47.33 564.06 235.00 
8 P-ad6 19.00 21.12 1350.56 4.50 
    Total, ∑ = 3343.50 1279.31 
 
𝐐𝟐𝐋𝐌𝐎 (𝟑) = 0.62 
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Table 58 LMO-Cross-Validation data on QSPR GM Model (Validation Test 4). 
No Materials 
Experimental data 
(%),yi 
Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 HQ-apa 81.00 
52.13 
66.08 833.48 222.47 
2 PH-apa 79.00 52.22 722.00 717.00 
3 BP-apa 76.00 70.12 569.78 34.63 
4 NOB-a 58.00 43.68 34.46 204.96 
5 BHPPO-m 48.00 38.73 17.06 85.87 
6 BA-a 32.00 48.62 405.22 276.22 
7 BPPPO-m 30.00 48.85 489.74 355.32 
8 P-ad8 13.00 18.52 1531.16 30.51 
    Total, ∑ = 4602.88 1926.97 
 
𝐐𝟐𝐋𝐌𝐎 (𝟒) = 0.58 
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Table 59 LMO-Cross-Validation data on QSPR GM Model (Validation Test 5). 
No 
Material
s 
Experimental data 
(%),yi 
Mean, ?̅? 
LMO Cross Validation prediction 
(%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 PH-apa 79.00 53.88 
 
 
 
 
 
 
 
61.15 722.00 318.61 
2 BS-apa 78.00 65.62 669.26 153.19 
3 BP-apa 73.00 81.01 435.56 64.12 
4 NOB-a 58.00 47.73 34.46 105.38 
5 BPPP-a 51.00 44.19 1.28 46.34 
6 22P-a 45.00 57.77 50.84 162.97 
7 P-ad2 41.00 41.08 123.88 0.01 
8 P-ad12 6.00 8.60 2127.98 6.77 
        Total, ∑ = 4165.24 857.38 
 
𝐐𝟐𝐋𝐌𝐎 (𝟓) = 0.79 
𝐐𝟐𝐋𝐌𝐎 (𝐚𝐯𝐞) = 0.67 
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Table 60 GM model prediction on external correlation coefficient, Q2EXT validation test (without BZ-Si). 
No Materials 
Experimental data 
(%), 𝒚𝒊𝑬𝑿𝑻  
Mean, ?̅?𝑬𝑿𝑻 
Predicted data 
(%), ?̂?𝒊𝑬𝑿𝑻 
(Predicted-Experimental)2,|?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻|
𝟐
 Difference error, % 
1 BA-mt 31.40 32.57 39.93 72.76 8.53 
2 BA-35x 31.00 32.13 1.28 1.13 
3 MDP-bz 33.00 35.92 8.53 2.92 
4 BZ-Bampo 46.00  52.05 36.60 6.05 
5 Allyl 1 35.00 117 36.04 1.08 1.04 
6 Allyl 2 19.00 66 15.85 9.92 3.15 
    Total, ∑ = 130.17  
𝑄2𝐸𝑋𝑇 = 1 −
[∑ (?̂?𝑖− 𝑦𝑖)
2𝑛𝐸𝑋𝑇
𝑖=1 ] 𝑛𝐸𝑋𝑇⁄
[∑ (𝑦𝑖− ?̅?𝑇𝑅)2
𝑛𝑇𝑅
𝑖=1
] 𝑛𝑇𝑅⁄
  
𝑄2𝐸𝑋𝑇 = 1 −
[130.17] 6⁄
[15183.52] 33⁄
   
𝐐𝟐𝐄𝐗𝐓 = 𝟎. 𝟗𝟓  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 =  √
∑(?̂?𝑒𝑥𝑡 − yext)2
𝑛𝑒𝑥𝑡
  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 = √
130.17
6
  
𝑹𝑴𝑺𝑬𝒆𝒙𝒕 = 4.66 
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Table 61 GM model prediction on external correlation coefficient, Q2EXT validation test (with BZ-Si). 
No Materials 
Experimental data 
(%), 𝒚𝒊𝑬𝑿𝑻  
Mean, ?̅?𝑬𝑿𝑻 
Predicted data 
(%), ?̂?𝒊𝑬𝑿𝑻 
(Predicted-Experimental)2,|?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻|
𝟐
 Difference error, % 
1 BA-mt 31.40 36.49 
 
 
 
 
 
 
39.93 72.76 8.53 
2 BA-35x 31.00 32.13 1.28 1.13 
3 MDP-bz 33.00 35.92 8.53 2.92 
4 BZ-Bampo 46.00 52.05 36.60 6.05 
5 Allyl 1 35.00 36.04 1.08 1.04 
6 Allyl 2 19.00 15.85 9.92 3.15 
7 BZ-Si 60.00 -27.81 7710.60 87.81 
       Total, ∑ = 7840.77  
𝑄2𝐸𝑋𝑇 = 1 −
[7840.77] 7⁄
[15183.52] 33⁄
  
𝐐𝟐𝐄𝐗𝐓 = −𝟏. 𝟒𝟑  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 =  √
∑(?̂?𝑒𝑥𝑡 − yext)2
𝑛𝑒𝑥𝑡
  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 = √
7840.77
7
  
𝑹𝑴𝑺𝑬𝒆𝒙𝒕 = 33.47
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Table 62 CCC calculation for the external test done by GM model (without BZ-Si). 
No Materials 
Experimental 
data (%), 𝒙𝒊  
Mean, ?̅? (𝒙𝒊 − ?̅?)
𝟐 
Predicted 
data (%), 𝒚𝒊 
Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 BA-mt 31.40 32.5667 
  
  
  
  
  
1.36 49.96 
39.58 
 
 
 
 
 
107.66 11.83 
49.22 
  
  
  
  
  
2 BA-35x 31.00 2.45 44.24 1957.21 6.89 
3 MDP-bz 33.00 0.19 46.72 2182.80 2.95 
4 BZ-Bampo 46.00 180.45 44.68 1996.64 64.92 
5 Allyl 1 35.00 5.92 36.04 1298.88 9.26 
6 Allyl 2 19.00 184.06 15.85 251.22 325.68 
       Total, ∑ = 374.43    Total, ∑ = 7794.42 1297.91   
 
𝑪𝑪𝑪 =  
𝟐 ∑ (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?)
𝒏
𝒊=𝟏
∑ (𝒙𝒊 − 𝒙)𝟐
𝒏
𝒊=𝟏 + ∑ (𝒚𝒊 − ?̅?)
𝟐 + 𝒏(?̅? − ?̅?)𝟐𝒏𝒊=𝟏
 
CCC = 
2 ( 1297.91)
374.43+7794.42+6(49.22)
 = 0.58 
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Table 63 CCC calculation for the external test done by GM model (with BZ-Si). 
No 
 
Materials 
Experimenta
l data 
(%), 𝒙𝒊  
Mean, ?̅? (𝒙𝒊 − ?̅?)
𝟐 
Predicted 
data (%), 𝒚𝒊 
Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 BA-mt 31.40 36.49 
 
 
 
 
 
 
25.91 49.96 29.95 
 
 
 
 
 
 
400.33 101.84 42.65 
 
 
 
 
 
 
2 BA-35x 31.00 30.14 44.24 204.22 78.45 
3 MDP-bz 33.00 12.18 46.72 281.25 58.53 
4 BZ-Bampo 46.00 90.44 44.68 217.08 140.12 
5 Allyl 1 35.00 2.22 36.04 37.09 9.07 
6 Allyl 2 19.00 305.90 15.85 198.81 246.61 
7 BZ-Si 60.00 552.72 -27.81 3336.22 1357.94 
      Total, ∑ = 466.79  Total, ∑ = 4674.99 1992.56  
 
CCC = 
2 ( 1992.56)
466.79+4674.99+7(42.65)
 = 0.73 
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Figure 81 Correlation graph of external prediction by GM model (without BZ-Si). 
 
 
Figure 82 Correlation graph of external prediction by GM model (with BZ-Si).
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APPENDIX C – Ace-M model validation calculations 
 
Table 64 LOO-Cross-Validation data on QSPR Ace-M Model. 
No Materials 
Experimental 
data (%), yi 
Mean, 
?̅? 
LOO Cross-
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - score 
1 HQ-apa 81.00 75.69 
 
 
 
 
 
 
 
 
 
 
 
 
76.96 28.20 4.04 16.35 0.84 
2 BZ-apa 80.00 74.57 18.58 5.43 29.50 1.13 
3 Ph-apa 79.00 89.07 10.96 10.07 101.40 2.10 
4 TP-apa 79.00 80.44 10.96 1.44 2.08 0.30 
5 BF-apa 78.00 73.40 5.34 4.60 21.13 0.96 
6 BS-apa 78.00 78.82 5.34 0.82 0.67 0.17 
7 BPPPO-ea 76.00 76.43 0.10 0.43 0.19 0.09 
8 NP-apa 76.00 73.55 0.10 2.45 6.00 0.51 
9 BO-apa 75.00 74.12 0.48 0.88 0.78 0.18 
10 BA-apa 74.00 71.35 2.86 2.65 7.00 0.55 
11 BP-apa 73.00 73.89 7.24 0.89 0.80 0.19 
12 BAF-apa 71.00 75.62 22.00 4.62 21.37 0.96 
13 BHPPO-ea 64.00 73.55 136.66 9.55 91.26 1.99 
      ∑(𝐲𝒊 −  ?̅?𝒊)
𝟐 = 248.77 ∑(?̂?𝒊 − 𝒚𝒊)
𝟐 = 298.53  
 
𝐐𝟐𝐋𝐎𝐎 =  −𝟎. 𝟐𝟎 
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Table 65 LMO-Cross-Validation data on QSP Ace-M Model (Validation Test 1). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 HQ-apa 81.00 
74.33 
77.27 44.49 13.90 
2 BS-apa 78.00 77.56 13.47 0.19 
3 BHPPO-ea 64.00 73.44 106.71 89.17 
    Total, ∑ = 164.67 103.26 
𝐐𝟐𝐋𝐌𝐎 (𝟏) = 0.37  
 
Table 66 LMO-Cross-Validation data on QSP Ace-M Model (Validation Test 2). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 TP-apa 79.00 76.00 79.31 9.00 0.10 
2 NP-apa 76.00 73.96 0.00 4.15 
3 BP-apa 73.00 73.63 9.00 0.40 
    Total, ∑ = 18.00 4.65 
𝐐𝟐𝐋𝐌𝐎 (𝟐) = 0.74  
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Table 67 LMO-Cross-Validation data on QSP Ace-M Model (Validation Test 3). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 HQ-apa 81.00 73.00 77.36 64.00 13.26 
2 BA-apa 74.00 74.51 1.00 0.27 
3 BHPPO-ea 64.00 73.59 81.00 92.01 
    Total, ∑ = 146.00 105.53 
𝐐𝟐𝐋𝐌𝐎 (𝟑) = 0.28  
Table 68 LMO-Cross-Validation data on QSP Ace-M Model (Validation Test 4). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 BZ-apa 80.00 72.67 75.02 53.73 24.81 
2 BA-apa 74.00 75.16 1.77 1.33 
3 BHPPO-ea 64.00 73.70 75.17 94.17 
    Total, ∑ = 130.67 120.32 
𝐐𝟐𝐋𝐌𝐎 (𝟒) = 0.08  
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Table 69 LMO-Cross-Validation data on QSP Ace-M Model (Validation Test 5). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross 
Validation 
prediction (%), ?̂? 
(𝐲𝒊 − ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 TP-apa 79.00 75.33 81.52 40.07 6.36 
2 BPPPO-ea 76.00 78.84 11.09 8.05 
3 BAF-apa 71.00 75.83 2.79 23.32 
    Total, ∑ = 53.95 37.73 
𝐐𝟐𝐋𝐌𝐎 (𝟒) = 0.30  
𝐐𝟐𝐋𝐌𝐎 (𝐚𝐯𝐞) = 𝟎. 𝟑𝟓 
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Table 70 Summary of the Ace-M model external validation test for Q2EXT calculation (without BZ-Si). 
No Materials 
Experimental 
data (%), 𝒚𝒊𝑬𝑿𝑻  
Mean, 
?̅?𝑬𝑿𝑻 
Predicted data (%), ?̂?𝒊𝑬𝑿𝑻 (Predicted-Experimental)
2,|?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻|
𝟐
 Difference error, % 
1 MDP-bz 33.00 29.00 74.14 1692.21 41.14 
2 Allyl 1 35.00  73.62 1491.57 38.62 
3 Allyl 2 19.00  77.75 3452.14 58.76 
    Total, ∑ = 6635.92  
 
𝐐𝟐𝐄𝐗𝐓 = −𝟏𝟕𝟐. 𝟑𝟗  
 
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 =  √
∑(?̂?𝑒𝑥𝑡 − yext)2
𝑛𝑒𝑥𝑡
  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 = √
6635.92
3
  
𝑹𝑴𝑺𝑬𝒆𝒙𝒕 = 47.03 
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Table 71 Summary of the Ace-M model external validation test for Q2EXT calculation (with BZ-Si). 
No Materials 
Experimental 
data (%), 
𝒚𝒊𝑬𝑿𝑻  
Mean, 
?̅?𝑬𝑿𝑻 
Predicted data (%), ?̂?𝒊𝑬𝑿𝑻 (Predicted-Experimental)2,|?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻 |
𝟐
 Difference error, % 
1 MDP-bz 33.00 36.75 74.14 1692.21 41.14 
2 Allyl 1 35.00  73.62 1491.57 38.62 
3 Allyl 2 19.00  77.75 3452.15 58.76 
4 BZ-Si 60.00  84.31 590.79 24.31 
    Total, ∑ = 7226.72  
 
𝐐𝟐𝐄𝐗𝐓 = −𝟏𝟖𝟕. 𝟖𝟐 
 
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 =  √
∑(?̂?𝑒𝑥𝑡 − yext)2
𝑛𝑒𝑥𝑡
  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 = √
7226.72
4
  
𝑹𝑴𝑺𝑬𝒆𝒙𝒕 = 42.50 
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Table 72 CCC calculation for the external test done by Ace-M model (without BZ-Si). 
No Materials 
Experimental 
data (%), 𝒙𝒊  
Mean, ?̅? 
(𝒙𝒊
− ?̅?)𝟐 
Predicted data (%), 𝒚𝒊 Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 MDP-bz 33.00 29.00 
 
 
16.00 74.14 75.17 
 
 
1.07 4.05 2131.74 
 
 
3 Allyl 1 35.00 36.00 73.62 2.40 9.18 
3 Allyl 2 19.00 100.00 77.75 6.68 26.05 
      Total, ∑ = 152.00   Total, ∑ = 10.15 39.28   
CCC = 7.96x10-6 
Table 73 CCC calculation for the external test done by Ace-M model (with BZ-Si). 
No Materials 
Experimental 
data (%), 𝒙𝒊  
Mean, ?̅? (𝒙𝒊 − ?̅?)
𝟐 
Predicted 
data 
(%), 𝒚𝒊 
Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 MDP-bz 33.00 36.75 14.06 74.14 77.46 11.05 12.46 1656.94 
3 Allyl 1 35.00 3.06 73.62 14.74 6.72 
4 Allyl 2 19.00 315.06 77.75 0.09 5.24 
5 BZ-Si 60.00 540.56 84.31 46.92 159.26 
     Total, ∑ = 872.75  Total, ∑ = 72.79 183.68  
CCC = 1.16x10-6 
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Figure 83 Correlation graph of external prediction by Ace-M model (without BZ-Si).  
 
 
Figure 84 Correlation graph of external prediction by Ace-M model (with BZ-Si).
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APPENDIX D – Ph-M model validation calculations 
 
Table 74 LOO-Cross-Validation data on QSPR Ph-M Model. 
No Materials Experimental data (%), yi Mean, ?̅? 
LOO Cross-
Validation 
prediction (%), ?̂? 
(𝐲𝒊
− ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - 
score 
1 15N-a 71.00 - 51.07 846.81 19.93 397.17 1.77 
2 4,4'O-a 65.00 47.42 533.61 17.58 309.15 1.56 
3 NOB-a 58.00 59.98 259.21 1.98 3.92 0.18 
4 BAF-a 57.00 61.85 228.01 4.85 23.49 0.43 
5 TP-a 57.00 43.16 228.01 13.84 191.64 1.23 
6 MIB-a 56.00 45.74 198.81 10.26 105.36 0.91 
7 BPPPO-a 51.00 46.45 82.81 4.55 20.75 0.41 
8 BHPPO-m 48.00 42.05 37.21 5.95 35.43 0.53 
9 TrisP-a 47.00 63.47 26.01 16.47 271.17 1.47 
10 BHPPO-a 46.00 50.74 16.81 4.74 22.43 0.42 
11 22P-a 45.00 50.33 9.61 5.33 28.36 0.47 
12 HQ-a 44.00 53.26 4.41 9.26 85.66 0.82 
13 P-ad2 41.00 41.73 0.81 0.73 0.53 0.06 
14 BA-a 32.00 40.82 98.01 8.82 77.71 0.78 
15 P-ad4 32.00 34.67 98.01 2.67 7.12 0.24 
16 BPPPO-m 30.00 35.90 141.61 5.90 34.81 0.52 
17 PC-a 20.00 41.08 479.61 21.08 444.51 1.88 
18 P-ad6 19.00 26.52 524.41 7.52 56.52 0.67 
19 P-ad8 13.00 16.34 835.21 3.34 11.15 0.30 
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No Materials Experimental data (%), yi Mean, ?̅? 
LOO Cross-
Validation 
prediction (%), ?̂? 
(𝐲𝒊
− ?̅?𝒊)
𝟐 
Difference 
error,  
(|?̂?𝒊 − 𝒚𝒊|) 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
Z - 
score 
20 P-ad12 6.00 -14.05 1288.81 20.05 402.14 1.78 
    ∑(𝐲𝒊 −  ?̅?𝒊)
𝟐 = 5937.80  ∑(?̂?𝒊 − 𝒚𝒊)
𝟐 = 2529.00  
𝐐𝟐𝐋𝐎𝐎 =  𝟎. 𝟓𝟕 
 
Table 75 LMO-Cross-Validation data on QSPR Ph-M Model (Validation Test 1). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, 
(?̂?𝒊 − 𝒚𝒊)
𝟐 
1 15N-a 71.00 43.00 46.78 784.00 586.80 
2 BAF-a 57.00 77.60 196.00 424.37 
3 BHPPO-a 46.00 56.92 9.00 119.25 
4 P-ad2 41.00 42.17 4.00 1.36 
5 BPPPO-m 30.00 42.28 169.00 150.74 
6 P-ad8 13.00 17.01 900.00 16.10 
      Total, ∑ = 2062.00 1298.62 
𝐐𝟐𝐋𝐌𝐎 (𝟏) = 0.37  
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Table 76 LMO-Cross-Validation data on QSPR Ph-M Model (Validation Test 2). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 15N-a 71.00 41.83 
 
 
 
 
 
48.41 850.89 510.47 
2 BAF-a 57.00 81.36 230.13 593.61 
3 BHPPO-a 46.00 58.18 17.39 148.38 
4 P-ad2 41.00 42.46 0.69 2.14 
5 BPPPO-m 30.00 39.23 139.95 85.15 
6 P-ad12 6.00 -12.65 1283.79 347.68 
        Total, ∑ = 2522.83 1687.44 
𝐐𝟐𝐋𝐌𝐎 (𝟐) = 0.33  
Table 77 LMO-Cross-Validation data on QSPR Ph-M Model (Validation Test 3). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 15N-a 71.00 44.33 51.70 711.29 372.63 
2 4,4'-O-a 65.00 47.61 427.25 302.52 
3 TP-a 57.00 41.62 160.53 236.48 
4 TrisP-a 47.00 54.72 7.13 59.61 
5 PC-a 20.00 32.17 591.95 148.03 
6 P-ad12 6.00 -8.73 1469.19 216.96 
        Total, ∑ = 3367.33 1336.23 
𝐐𝟐𝐋𝐌𝐎 (𝟑) = 0.60  
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Table 78 LMO-Cross-Validation data on QSPR Ph-M Model (Validation Test 4). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 4,4'-O-a 65.00 37.67 50.33 746.93 215.10 
2 MIB-a 56.00 46.63 335.99 87.89 
3 TrisP-a 47.00 63.19 87.05 262.10 
4 Ba-a 32.00 41.05 32.15 81.96 
5 PC-a 20.00 32.52 312.23 156.82 
6 P-ad12 6.00 -9.45 1002.99 238.81 
        Total, ∑ = 2517.33 1042.69 
𝐐𝟐𝐋𝐌𝐎 (𝟒) = 0.60  
Table 79 LMO-Cross-Validation data on QSPR Ph-M Model (Validation Test 5). 
No Materials Experimental data (%),yi Mean, ?̅? 
LMO Cross Validation 
prediction (%), ?̂? 
(𝐲𝒊 −  ?̅?𝒊)
𝟐 
(Prediction-
Experimental)2, (?̂?𝒊 −
𝒚𝒊)
𝟐 
1 NOB-a 58.00 43.67 
 
 
 
 
 
65.18 205.35 51.52 
2 TP-a 57.00 42.99 177.69 196.16 
3 BPPPO-a 51.00 44.30 53.73 44.87 
4 22P-a 45.00 48.40 1.77 11.55 
5 P-ad4 32.00 37.43 136.19 29.49 
6 P-ad6 19.00 28.34 608.61 87.21 
        Total, ∑ = 1183.33 420.81 
𝐐𝟐𝐋𝐌𝐎 (𝟓) = 0.64  
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𝐐𝟐𝐋𝐌𝐎 (𝐚𝐯𝐞) = 𝟎. 𝟒𝟐 
Table 80 Summary of the Ph-M model external validation test for Q2EXT calculation. 
No Materials 
Experimental 
data (%), 𝒚𝒊𝑬𝑿𝑻  
Mean, 
?̅?𝑬𝑿𝑻 
Predicted data 
(%), ?̂?𝒊𝑬𝑿𝑻 
(Predicted-Experimental)2, |?̂?𝒊𝑬𝑿𝑻 − 𝒚𝒊𝑬𝑿𝑻 |
𝟐
 
Difference error, 
% 
1 BA-mt 31.40 36.13 33.29 3.57 1.89 
2 BA-35x 31.00   24.04 48.44 6.96 
3 BZ-Bampo 46.00   47.22 1.49 1.22 
         Total, ∑ = 53.50   
  
𝐐𝟐𝐄𝐗𝐓 = 𝟎. 𝟗𝟔 
 
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 =  √
∑(?̂?𝑒𝑥𝑡 − yext)2
𝑛𝑒𝑥𝑡
  
𝑅𝑀𝑆𝐸𝑒𝑥𝑡 = √
53.50
3
  
𝑹𝑴𝑺𝑬𝒆𝒙𝒕 = 4.22 
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Table 81 CCC calculation for the external test done by Ph-M model. 
No Materials 
Experimental 
data (%), 𝒙𝒊  
Mean, ?̅? (𝒙𝒊 − ?̅?)
𝟐 
Predicted 
data (%), 𝒚𝒊 
Mean, ?̅? (𝒚𝒊 − ?̅?)
𝟐 (𝒙𝒊 − ?̅?)(𝒚𝒊 − ?̅?) (?̅? − ?̅?)
𝟐 
1 BA-mt 31.40 36.13 
 
 
22.37 30.94 32.73 
 
 
3.20 8.47 11.5600 
 
 
2 BA-35x 31.00 26.32 19.98 162.56 65.41 
3 BZ-Bampo 46.00 97.42 47.28 211.70 143.61 
       Total, ∑ = 146.11    Total, ∑ = 377.47 217.48   
 
CCC = 0.78 
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Figure 85 Correlation graph of external prediction by Ph-M model.
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APPENDIX E - FT-IR spectrum of Bisphenol A, 2-ethynylaniline and BA-apa_SY. 
 
Figure 86 FT-IR spectrum of (a) bisphenol A, (b) 3-ethynylaniline and (c) BA-apa_SY. 
(a) 
(b) 
(c) 
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APPENDIX F - 13C NMR spectrum of BA-apa_SY. 
 
Figure 87 13C NMR spectrum of BA-apa_SL (400 MHz, CDCl3, Ref = TMS). 
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APPENDIX G - 1H NMR spectra of benzylamine. 
 
Figure 88 1H NMR spectrum of benzylamine (400 MHz, CDCl3, Ref = TMS). 
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APPENDIX H – Mass spectrometry spectrum of BA-apa 
 
Figure 89 Full mass spectroscopy spectrum of BO-ba. 
 
Figure 90 Mass spectroscopy spectrum of BO-ba at 5.7-6.9 min. 
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APPENDIX I – Mass spectrometry spectrum of BO-ba 
 
Figure 91 Full mass spectroscopy spectrum of BO-ba.  
 
Figure 92 Mass spectroscopy spectrum of BO-ba at 5.8-6.1 min. 
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Figure 93 Mass spectroscopy spectrum of BO-ba at 5.7-6.9 min. 
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APPENDIX J - Thermograms of DSC repeats 
 
 
Figure 94 First heat DSC repeats of Run 1, 2 and 3. 
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APPENDIX K – DSC thermograms of BA-apa and BO-ba  
 
Figure 95 BA-apa DSC Heat-Cool-Heat thermogram at 10 oC/min. 
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Figure 96 BO-ba DSC Heat-Cool-Heat thermogram at 10 oC/min. 
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APPENDIX L – DSC thermograms of cured poly(BA-apa) and poly(BO-ba) 
 
Figure 97 DSC thermograms of laboratory-cured poly(BA-apa). 
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Figure 98 DSC thermograms of laboratory-cured poly(BO-ba). 
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APPENDIX M – The repeats in poly(BO-ba) and poly(BA-apa) degradation 
 
 
Figure 99 The repeats in poly(BO-ba) degradation under nitrogen at 10 oC/min. 
 
Figure 100 The repeats in poly(BO-ba) degradation under nitrogen at 10 oC/min.
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APPENDIX N - TGA and DTG thermograms of poly(BA-apa) and poly(BO-ba) burned under nitrogen 
 
Figure 101 TGA and DTG thermograms of poly(BO-ba) when burned in nitrogen at 10 oC/min. 
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Figure 102 TGA and DTG thermograms of poly(BA-apa) when burned in nitrogen at 10 oC/min. 
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APPENDIX O – TGA and DTG thermograms of poly(BA-apa) and poly(BO-ba) burned under air 
 
Figure 103 TGA and DTG thermograms of poly(BO-ba) when burned in air at 10 oC/min.  
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Figure 104 TGA and DTG thermograms of poly(BA-apa) when burned in air at 10 oC/min.
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APPENDIX P – Experimental validation calculations 
 
1. Calculation for poly(BA-apa) and poly(BO-ba) prediction values using GM model. 
Materials 
Descriptors 
vol VSA b_rotN ASA- PC+ 
Poly(BO-ba) 462 493.71 6 278.42 5.48 
Poly(BA-apa) 525.38 556.33 6 353.48 5.58 
 
Percentage char yield = 27.18 + 0.01 (vol) + 0.02 (VSA) - 1.72 (b_rotN) + 0.26 (ASA-) - 
9.42 (PC+) 
Poly(BO-ba) percentage char yield = 27.18 + 0.01 (462) + 0.02 (493.71) - 1.72 (6) + 0.26 
(278.42) - 9.42 (5.48) 
= 52.12 % 
Poly(BA-apa) percentage char yield = 27.18 + 0.01 (525.38) + 0.02 (556.33) - 1.72 (6) + 
0.26 (353.48) - 9.42 (5.58) 
=72.58 % 
 
2. Calculation for poly(BA-apa) and poly(BO-ba) prediction values using Ace-M 
model. 
Materials 
Descriptors 
ASA Opr_nrot PM3_LUMO 
Poly(BA-apa) 879.36 8 0.04 
 
Percentage char yield =   96.78 - 0.04 (ASA) + 1.19 (opr_nrot)  - 4.68 (PM3_LUMO) 
Poly(BA-apa) percentage char yield = 96.78 - 0.04 (879.36) + 1.19 (8)  - 4.68 (0.04) 
= 71.31 % 
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3. Calculation for poly(BA-apa) and poly(BO-ba) prediction values using Ph-M model. 
Materials 
Descriptors 
Opr_brigid Q_PC- VSA ASA+ 
Poly(BO-ba) 34 -5.487 493.708 361.821 
 
Percentage char yield = 42.04 + 3.15 (opr_brigid) - 10.24 (Q_PC-) - 0.25 (VSA) - 0.12 
(ASA+) 
Poly(BO-ba) percentage char yield = 42.04 + 3.15 (34) - 10.24 (-5.487) - 0.25 (493.708) 
- 0.12 (361.821) 
= 38.48 % 
